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Preface 



The growing amount of waste created by products reaching the 
end of their useful life poses challenges for the environment, 
governments, and manufacturers. As such, manufacturers are 
increasingly recovering and processing their postconsumer products. 
End-of-life processing of products has become desirable due to con- 
sumer preference and increased public awareness; new, more rigid 
environmental legislation and government regulation; and the eco- 
nomic attractiveness of reusing products, subassemblies, or parts in- 
stead of disposing of them. Alternatives for these products include 
reuse, remanufacturing, recycling, storage, and disposal. With dis- 
posal considered to be the least desirable, the first process required 
by the remaining alternatives is disassembly. Obtaining valuable 
components and materials, while minimizing the space required for 
landfills and reducing the amount of processed toxins introduced 
into the environment, are all compelling reasons that disassembly — 
and specifically the disassembly line — is of such importance and has 
garnered so much interest. However, disassembly is labor intensive 
and therefore costly. Ensuring that the disassembly process is as effi- 
cient as possible is essential to enable economic justification of an 
end-of-life option other than disposal. 

Just as the assembly line is considered the most efficient way to 
assemble a product, the disassembly line is seen to be the most 
efficient way to disassemble a product. Efficient techniques are then 
required to solve these problems which involve the number of 
workstations required and the disassembly sequencing of end-of-life 
products on the disassembly line. The challenge lies in the fact 
that disassembly possesses unique characteristics. While having 
similarities to assembly, it is not the reverse of the assembly process. 
The difficulty in obtaining efficient disassembly-line part removal 
sequence or workstation selection solutions stems from the fact that 
any solution sequence would consist of a permutation of numbers. 
This permutation would contain as many elements as there are parts 
in the product. The problem therefore tends to have high calculation 
complexities due to its rapid growth in computational runtime with 
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incremental increases in the number of parts. As such, the observation 
can be made that the DISASSEMBLY LINE BALANCING PROBLEM 
would appear to be NP-hard (and, of greater interest, the decision 
version would appear to be NP-complete). In addition, the added 
complications of disassembly typically foster multiple objectives 
including environmental and economic goals that can frequently be 
contradictory. Also, disassembly-line problems are a relatively recent 
problem area; for example, the DISASSEMBLY LINE BALANCING 
PROBLEM was first formally described in 2002. For these reasons, 
disassembly has gained a great deal of attention in the contemporary 
scientific literature. 

The multiobjective DISASSEMBLY LINE BALANCING 
PROBLEM seeks to find a disassembly solution sequence which: 
provides a feasible disassembly sequence, minimizes the number of 
workstations, minimizes total idle time, ensures similar idle times at 
each workstation, along with other, disassembly-specific concerns. 
Finding the optimal line balance is computationally intensive due to 
exponential growth. With exhaustive search calculations quickly 
becoming prohibitively large, methodologies from the field of 
combinatorial optimization hold promise for providing solutions to 
the DISASSEMBLY LINE BALANCING PROBLEM. In this book, the 
DISASSEMBLY LINE BALANCING PROBLEM is described then 
defined mathematically and proven to belong to the class of unary 
NP-complete problems. Four case-study instances of the problem are 
introduced, then disassembly-line versions of depth-first exhaustive 
search, genetic algorithm and ant colony optimization metaheuristics, 
a greedy algorithm, and greedy /hill-climbing and greedy /2-optimal 
hybrid heuristics are presented and compared, along with an 
uninformed general-purpose search heuristic. The problem instances 
are then used in numerical studies performed to illustrate the 
implementations and to demonstrate quantitative and qualitative 
analysis and comparison. Observations about the solution 
methodologies include their consistent generation of optimal or near- 
optimal solutions, their ability to preserve precedence, the speed of 
the techniques, and their practicality for implementation. 

While the focus of this book is on the problem of balancing the 
paced disassembly line, other issues and models related to disassembly 
in general are also considered. Disassembly is a process that interacts 
with all phases of product recovery including before life (the period 
of design and life cycle analysis), the useful period (the time when the 
product is actually being manufactured or is in use), and end-of-life 
(the period in which a product completes its useful life and is ready 
for further processing, recovery, or disposal). Therefore, the third part 
of the book deals with the remaining significant areas of disassembly 
research, including product planning, line and facility design, 
sequencing and scheduling, inventory, just-in-time, revenue, and 
unbalanced lines. 
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The various techniques presented in this book form a body of 
knowledge directed at addressing problems involving disassembly 
lines. The importance of the disassembly line's role in end-of-life 
processing, the contemporary nature of the problems, and the NP- 
complete characteristics of many of them make disassembly-line 
problems relevant, timely, academically interesting, and scientifically 
challenging, and hence provide much of the primary motivation 
behind the formulation of this book. 
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CHAPTER 



Introduction 



This chapter provides an introduction to the book. Section 1.1 presents 
an overview of current disassembly issues. Section 1.2 describes the 
motivation of the text. The scope and objectives of the book are then 
given in Sec. 1.3 while the notations used throughout the text are 
detailed in Sec. 1.4. Finally, Sec. 1.5 presents an outline of the book. 



1.1 Overview 

Manufacturers are increasingly recycling and remanufacturing their 
postconsumer products due to new, more rigid environmental legis- 
lation, increased public awareness, and extended manufacturer 
responsibility. In addition, the economic attractiveness of reusing 
products, subassemblies, or parts instead of disposing of them has 
helped to further energize this effort. Recycling is a process performed 
to retrieve the material content of used and nonfunctioning products. 
Remanufacturing on the other hand, is an industrial process in which 
worn-out products are restored to like-new conditions. Thus, reman- 
ufacturing provides the quality standards of new products with used 
parts. 

Product recovery seeks to obtain materials and parts from old or 
outdated products through recycling and remanufacturing in order 
to minimize the amount of waste sent to landfills. This includes the 
reuse of parts and products. There are many attributes of a product 
that enhance product recovery; examples include ease of disassem- 
bly, modularity, type and compatibility of materials used, material 
identification markings, and efficient cross-industrial reuse of com- 
mon parts/materials. The first crucial step of product recovery is 
disassembly. 

Disassembly is defined as the methodical extraction of valuable 
parts/ subassemblies and materials from discarded products through a 
series of operations. After disassembly, reusable parts/ subassemblies are 
cleaned, refurbished, tested, and directed to the part/subassembly 
inventory for use in remanufacturing operations. The recyclable 
materials can be sold to raw-material suppliers, while the residu- 
als are sent to landfills. Disassembly is a process that interacts with 
all phases of product recovery including before life (the period of 
design and life cycle analysis), the useful period (the time when the 
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product is actually being manufactured or is in use), and end-of-life 
(the period in which a product completes its useful life and is ready 
for further processing, recovery, or disposal). 

Disassembly has gained a great deal of attention in the literature 
due to its role in product recovery. A disassembly system faces many 
unique challenges; for example, it has significant inventory problems 
because of the disparity between the demands for certain parts or 
subassemblies and their yield from disassembly. The flow process is 
also different. As opposed to the normal "convergent" flow in regular 
assembly environment, in disassembly the flow process is "divergent" 
(a single product is broken down into many subassemblies and parts). 
There is also a high degree of uncertainty in the structure and the 
quality of the returned products. The condition of the products 
received is usually unknown and the reliability of the components is 
suspect. In addition, some parts of the product may cause pollution 
or may be hazardous. These parts may require special handling that 
can also influence the utilization of the disassembly workstations. For 
example, an automobile slated for disassembly contains a variety of 
parts that are dangerous to remove and /or present a hazard to the 
environment, such as the battery, airbags, fuel, and oil. Various 
demand sources may also lead to complications in disassembly-line 
balancing. The reusability of parts creates a demand for them; how- 
ever, the demands and availability of the reusable parts are signifi- 
cantly less predicable than what is found in the assembly process. 
Most products contain parts that are installed (and must be removed) 
in different attitudes, from different areas of the main structure, or in 
different directions. Since any required directional change increases 
the setup time for the disassembly process, it is desirable to minimize 
the number of directional changes in the chosen disassembly 
sequence. Finally, disassembly-line balancing is critical in minimiz- 
ing the use of valuable resources (such as time and money) invested 
in disassembly and maximizing the level of automation of the disas- 
sembly process and the quality of the parts (or materials) recovered. 

This part of the book (Part I) provides a background to many of 
the issues and much of the current research, as well as an introduc- 
tion to the problems and possible solutions. Included in this is a 
review of assembly lines, an introduction to disassembly lines, a sur- 
vey of current research, graphical representations of products, an 
overview of computational complexity, and a description of combi- 
natorial optimization searches. 

In Part II of this book, the DISASSEMBLY LINE BALANCING 
PROBLEM (DLBP) is addressed using combinatorial optimization 
methodologies. While exhaustive search consistently provides the 
optimal solution, its exponential time complexity quickly reduces its 
practicality. Combinatorial optimization techniques are instrumental 
in obtaining optimal or near-optimal solutions to problems with 



Introduction 5 



intractably large solution spaces. Combinatorial optimization is an 
emerging field that combines techniques from applied mathematics, 
operations research, and computer science to solve optimization 
problems over discrete structures. Some of these techniques include 
greedy algorithms, integer and linear programming, branch-and- 
bound, divide-and-conquer, dynamic programming, local optimiza- 
tion, simulated annealing, genetic algorithms, and approximation 
algorithms. 

The seven techniques selected for application in this text seek to 
provide a feasible disassembly sequence (i.e., one in which no prece- 
dence constraints are violated since some tasks cannot be performed 
until their predecessor tasks have been completed), minimize the 
number of workstations, minimize the total idle time, and minimize 
the variation in idle times between workstations, while attempting 
to remove hazardous and high-demand product components as 
early as possible and remove parts with similar part removal direc- 
tions together. Four data sets are used as case studies. These 
instances are used with all of the solution techniques to illustrate 
implementation of the methodologies, measure performance, and 
enable comparisons. 

In Part in of this book, other problems related to the disassembly line 
are explored. This part visits the bulk of the remaining disassembly-related 
areas. A background — much of it from traditional assembly line and 
production theory — is provided and then disassembly-specific issues 
and research are detailed. These research areas include product plan- 
ning, facility and line layout, sequencing and scheduling, inventory, 
just-in-time, revenue, and unbalanced lines. 



1.2 Motivation 

End-of-life processing for products is becoming increasingly desir- 
able due to consumer preference, government regulation, and corpo- 
rate financial interests. Obtaining components and materials that 
have some value while minimizing the amount of waste sent to land- 
fills and reducing the amount of processed toxins introduced into the 
environment are all compelling reasons that disassembly is of such 
importance and has garnered so much global interest. 

Disassembly has unique characteristics. While possessing similarities 
to assembly, it is not the reverse of the assembly process (Brennan et al., 
1994); therefore, new and efficient approaches and methodologies are 
needed to effectively perform disassembly-line operations. The difficulty 
in obtaining efficient disassembly-line sequence solutions stems from 
the fact that a solution sequence consists of a permutation of num- 
bers. This permutation would contain as many elements as there are 
parts in the product. As such, the observation can be made that the 
DISASSEMBLY LINE BALANCING PROBLEM would appear to be 
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NP-hard and the decision version would appear to be NP-complete. 
Also of interest, the DISASSEMBLY LINE BALANCING PROBLEM 
is a recent problem, first formally described in this century (Giingor 
and Gupta, 2002). 

The importance of the disassembly line's role in end-of-life pro- 
cessing, the contemporary nature of the problem, and its NP-complete 
characteristics makes the DISASSEMBLY LINE BALANCING 
PROBLEM — and the disassembly line in general — interesting and 
relevant. 



1.3 Scope and Objectives 

This book introduces the disassembly line (Part I) and details its primary 
focus — disassembly-line balancing (Part II) — and then considers other 
disassembly-line problems that do not directly address balancing. 
Various techniques are explored that involve multiple objectives to 
address disassembly-line balancing. Since the decision version of the 
DISASSEMBLY LINE BALANCING PROBLEM is NP-complete, this 
book considers a rigorous combinatorial optimization treatment of the 
problem. As part of this, the problem is mathematically defined and 
proven to be NP-complete (as well as unary NP-complete and NP-hard), 
quantitative and qualitative evaluation criteria are developed, and four 
problem instances are introduced. Next, seven different techniques from 
the realm of combinatorial optimization are employed to solve the four 
instances. The seven methodologies are then compared to each other. 

The first methodology used is exhaustive search, which here 
employs a depth-first search using a recursive backtracking proce- 
dure to visit all permutations of an instance's n parts to consistently 
obtain the optimal solution sequence. The exhaustive search algo- 
rithm is presented for obtaining the optimal solution to small instances 
of the DLBP While always optimal, it is limited in the size of the 
instance it can solve since the time to solve an instance grows expo- 
nentially with the size of the instance. The second technique used is a 
genetic algorithm (GA), a metaheuristic that recombines and mutates 
the best solutions over many generations. The genetic algorithm 
considered here involves either a randomly generated or a hot-started 
initial population with crossover, mutation, and fitness competition 
performed over many generations. The third technique used is ant 
colony optimization (ACO), another metaheuristic. The ant colony 
optimization metaheuristic applied here is an ant system algorithm 
known as the ant-cycle model that is enhanced for the DLBP. Ant 
colony optimization uses software agents referred to as ants that 
grow a solution from first to last part under greedy decision-making 
rules. Successful ants add pheromone (in proportion to the quality of 
their solution) to their paths, all paths slowly evaporate, and the pro- 
cess repeats for a given number of cycles. The fourth technique used 
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is a deterministic first-fit-decreasing greedy algorithm, similar to that 
developed for the BIN-PACKING problem. Two 2-phase hybrids are 
considered next. The first hybrid process consists of the greedy sorting 
algorithm followed by a hill-climbing local search. The problem- 
specific hill-climbing algorithm only considers swapping parts that are 
in adjacent workstations. A second deterministic hybrid process is 
then shown. It consists of the same greedy sorting algorithm followed 
by a 2-optimal (2-opt) local search. The 2-opt search is modified for 
the DLBP by exchanging parts instead of the arcs connecting them. 
The final technique used is an uninformed, modified British Muse- 
um-type search that moves through the search space similarly to 
exhaustive search but only samples the space, methodically visiting 
equally spaced solutions in a deterministic manner. Influenced by the 
hunter-killer search tactics of military helicopters, this general-purpose 
heuristic algorithm easily lends itself to the DLBP. All of the techniques 
deliver optimal or near-optimal solutions while preserving the prece- 
dence relationships among the components. 

Next (Part III), other wide-ranging disassembly-line problems are 
introduced. These problems encompass the areas of product design, 
facility location and line layout, sequencing and scheduling, removed- 
part inventory, just-in-time, revenue, and intentionally or uninten- 
tionally unbalanced lines. 



1.4 Format and Notation 

The following general guidelines are used throughout the book. 
Using the format of Garey and Johnson (1979), names of problems, 
including NP-complete problems, are capitalized when referring to 
the problem but not when referring to a methodology (e.g., "the LIN- 
EAR PROGRAMMING problem" is a different use than "modeling a 
problem using linear programming") or when the formal name of the 
problem is not appropriate. Since the search methodologies in this 
book are used for problems other than the DLBP, the versions used in 
this book make use of a title case format and are often prefaced by 
"DLBP," while generic references to the methodologies are made in 
lowercase (e.g., "DLBP Exhaustive Search" and "Exhaustive Search" 
refer to the problem-specific methodologies developed for use in this 
book while "exhaustive search" refers to any type or implementation 
of exhaustive search). The first time a proper mathematical or scien- 
tific term is defined (or if it is not defined, the first time it is used in 
the chapter that primarily references it, or lacking this, the first time 
it is used in the book) it is italicized. This is primarily the case when 
mathematical terms have a specific meaning but make use of a word 
common to the English language, an example being use of the word 
"language" in Chap. 6. Italics are also used to highlight some proper 
names. Most of the mathematical conventions are as found in Cormen 
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et al. (2001), Rosen (1999), or Garey and Johnson (1979). Finally, part 
removal times may also refer to virtual parts (also referred to as virtual 
components; Lambert and Gupta, 2005); that is, a task performed that 
is required (or desired or possible) and takes a finite amount of time 
but does not result in the immediate removal of any part. Therefore, 
the terms "task time" and "part removal time" are both used here 
with the understanding that the two are potentially distinct. Unless 
otherwise specified, work element, job, part, component, subassem- 
bly, and task may be used interchangeably throughout this text. 

1.4.1 General and Disassembly-Line Balancing Notation 

The following notation is used in the remainder of the book: 



(1,2, . . ., n) ordered n-tuple 

{1, 2, . . ., n] set (using the formal definition, i.e., list of n distinct 
items) 

(1, 2, . . ., n) list of n items 

(p, q) arc (i.e., direct edge) pq 

[p, q] edge pq 

A-B subassembly made up of part A and part B 

< p polynomial time reduction or polynomial transfor- 

mation; read as: "can be converted to," "is easier 
than," "is a subset of," or "is a smaller problem 
than" 

-< partial ordering, that is, x precedes y is written x<y 

\x\ cardinality of the set X 

\x~\ ceiling function of x; assigns the smallest integer > x, 

for example, |~1.3l = 2 
max(x, y) maximum of x and y 
rnin(x, y) minimum of x and y 
V "for all," "for every" 

g "an element of," "is in" 

3 "there exists," "there exists at least one," "for 

some" 

°= "in proportion to" 

n intersection 

u union 

c: subset 

a conjunction (logical AND) 

v disjunction (logical OR) 

! factorial 

: "such that," used primarily to avoid confusion 

with the vertical bars used to define cardinality 
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"such that," used primarily to avoid confusion 
with the pseudo-code equal sign ":=" also used 
as a triplet separator in scheduling theory and to 
represent absolute value in the efficacy index 

-> "maps to" 

<=> "if and only if" 

a weight of existing pheromone (trail) in path selec- 

tion; also refers to the machine environment in 
scheduling theory 

P weight of the edges in path selection; also refers 

to the processing characteristics and constraints in 
scheduling theory 

e empty string 

y objective to be minimized in scheduling theory 

77 (t) visibility value of edge (arc for the DLBP) pq at time t 

p variable such that 1 - p represents the pheromone 

evaporation rate 
T (NC) amount of trail on edge pq (arc for the DLBP) 

during cycle NC 
% kth element's skip measure (i.e., for the solution's 

third element, visit every second possible task for 

V 3 = 2) 

A\j/ k A:th element's delta skip measure; difference 

between problem size n and skip size y/ k (i.e., for 
Ay/=10andn = 80, y/=70) 

O "big-oh," g(x) is 0(h(x)) whenever 3 y : \g(x)\ < y- 

\h{x)\ V x > z 

n product; also refers to a decision problem (consisting 

of a set D of decision instances and a subset Y <z D of 
yes-instances) in complexity theory 

9 "big-theta," g(x) is ®(h(x)) whenever g(x) is OQi(x)) 

and g(x) is Q,{h{xj) 

S summation; also refers to an alphabet (a finite set 

of symbols, e.g., £ = jO, 1}) in complexity theory 

S* set containing all possible strings from £ 

Q "big-omega," g(x) is Q.(h(x)) whenever 3 y : \g{x)\ > y 

\h(x)\ Vx>z 

a MULTIPROCESSOR SCHEDULING problem task 

variable; also refers to a function variable in com- 
plexity theory 

A MULTIPROCESSOR SCHEDULING problem task 

set 

b function variable in complexity theory 
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B MULTIPROCESSOR SCHEDULING problem 

deadline bound 

BSTj. identification of /cth part in temporary best solution 

sequence during adjacent element hill-climbing 
(AEHC) and 2-Opt 

c initial amount of pheromone on all of the paths at 

time t = 0; also refers to a cost function that maps 
feasible points to the real numbers in complexity 
theory 

C k completion time of task A: in a flow shop in schedul- 

ing theory 

C completion time of the last task to be completed in 

max r r 

the flow shop in scheduling theory 
CT cycle time; maximum time available at each work- 

station 

d k demand; quantity of part k requested 

D demand rating for a given solution sequence; also 

demand bound for the decision version of DLBP; 
also refers to the set of all instances of a decision 
problem in complexity theory 

D* optimal demand rating for a given instance; also 

used to refer to the set of solutions optimal in D 
D, lower demand bound for a given instance 

lower O 

D upper demand bound for a given instance 

upper ri O 

DP set of demanded parts 

e encoding function in complexity theory 

E[x] expected value of x 

EI efficacy index of measure x; generates values 

between and 100 percent 
/ a feasible solution in complexity theory 

F measure of balance for a given solution sequence; 

also refers to the finite set of feasible points in com- 
plexity theory 

F* optimal measure of balance for a given instance; also 

used to refer to the set of solutions optimal in F 
F, lower measure of balance bound for a given instance 

lower o 

F upper measure of balance bound for a given instance 

upper rr o 

F t r measure of balance of ant r's sequence at time t 

Fm flow shop with m machines 

FS feasible sequence binary value; FS = 1 if feasible, 

otherwise 
g(x) function in complexity theory 
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h k binary value; 1 if part k is hazardous, else 

h(x) function in complexity theory 

H hazard rating for a solution; also hazard bound for 

the decision version of DLBP 
H* optimal hazard rating for a given instance; also 

used to refer to the set of solutions optimal in H 

H, lower hazard bound for a given instance 

lower o 

H upper hazard bound for a given instance 

upper r r o 

HP set of hazardous parts 

i counter variable 

I total idle time for a given solution sequence; also 

refers to an instance of a problem in complexity 
theory 

I* optimum idle time for a given instance 

I total idle time of workstation /' 

I, lower idle time bound for a given instance 

lower o 

I upper idle time bound for a given instance 

upper r r o 

lSS k binary value; 1 if part k is in the solution sequence, 

else 

; workstation count (1, . . ., NWS) 

k counter variable (typically ke {1, 2, n) and iden- 

tifies a part or refers to a sequence position) 

1(a) MULTIPROCESSOR SCHEDULING problem task 

length 

L Language in complexity theory, that is, any set of 

strings over S (e.g., L = (1, 10, 100, 010, 1001, . . .}) 

L ACO delta-trail divisor value; set equal to F r for 

the DLBP 

m number of processors in the MULTIPROCESSOR 

SCHEDULING problem; also number of ants; also 
number of machines 
n number of parts for removal 

N number of chromosomes (population) 

N set of natural numbers, that is, {0, 1,2, . . . } 

NC maximum number of cycles for ACO 

max J 

NPW. number of parts in workstation 

NWS number of workstations required for a given solu- 

tion sequence 

NWS* optimal (minimum) number of workstations for 

n parts 

NWS, lower bound on the minimum possible number of 

lower l 

workstations for n parts 
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NWS 



p(x) 
P 

Pr r (t) 

PRT 
PRT, 



PS,. 



PSG,. 



PSS,. 



PST,. 



Q 

r 



R 
R 

low 

R 

m 

R 

up] 

R 

x 

R 

s 
S 

ST 



upper bound on the maximum possible number of 
workstations for n parts 

counter variable; also edge/ arc variable providing 

node /vertex identification 

polynomial function in complexity theory 

set of n part removal tasks 

probability of ant r taking an edge [p, cj] [arc (p, q) 
for the DLBP] at time t during cycle NC 
set of part removal times 

part removal time required for part k (PRT t is onto 
mapped to PRT though not necessarily one-to-one 
since multiple parts may have equal part removal 
times) 

identification of /cth part in a solution sequence, 
that is, for solution (3, 1, 2), PS 2 = 1 
identification of /cth part in the solution sequence 
after application of the Greedy algorithm 
identification of /cth part in solution sequence after 
sorting 

identification of /cth part in solution sequence after 
AEHC and 2-Opt 

counter variable; also edge /arc variable (node/ 
vertex identification) 

amount of pheromone added if a path is selected 
set of unique part removal directions; also ant 
counter 

integer value corresponding to part k's part removal 
direction 

direction rating for a given solution sequence; also 
direction bound for the decision version of DLBP 
optimal direction rating for a given instance; also 
used to refer to the set of solutions optimal in R 
binary value; if part k can be removed in the same 
direction as part (k + 1), else 1 
lower direction bound for a given instance 
mutation rate 

upper direction bound for a given instance 
crossover rate 

set of real numbers in z dimensions 
MULTIPROCESSOR SCHEDULING task size 
solution structure in complexity theory 
station time; total processing time requirement in 
workstation j 
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f time within a cycle for ACO; ranges from to n 

T(n) function describing an algorithm's running time 

on a computer processor 
TMP A , identification of kth part in temporary sequence 

during AEHC and 2-Opt 

V maximum range for a workstation's idle time 

x general variable; also refers to a part removal 

direction 

X k . binary decision variable; 1 if part k is assigned to 

workstation j, else 
y general variable; also refers to a part removal 

direction 

Y set of all "yes" instances in complexity theory 

z general variable; also refers to a part removal 

direction 

Z set of integers, that is, ( . . ., -2, -1, 0, 1, 2, ... ) 

Z + set of positive integers, that is, jl, 2, . . . } 

Z p pth objective to minimize or maximize 

1.4.2 Assembly-Line Balancing Notation 

Part I also makes use of the following notation: 

DQ total daily quantity required 

DT available daily production time 

U utilization rate 

7* artificial task x 

TT total time (the sum of the task times) 

1.4.3 Disassembly-to-Order Notation 

In Part III, disassembly-to-order (DTO) notation includes the following: 

CEP^ end-of-life product cost (acquisition, transportation, 
disassembly, and part cleaning, inspection, sorting, 
etc.) for DTO product g 

CNP t new-part acquisition cost for DTO part k 

CPD ( . disposal cost for DTO part k 

g DTO product identification 

G total number of DTO products 

k DTO part identification 

na total number of DTO parts for all products 

n number of DTO parts in end-of-life product g 

Pr(sc) probability of scenario sc occurring 

SC set of DTO recourse model scenarios 
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w number of possible outcomes in the DTO recourse 

model 

X decision variable 

XI decision variable indicating the amount of end-of-life 
product g to acquire for disassembly 

X2 k decision variable indicating the amount of new part k 

to acquire in order to meet the overall demand 

X2 k sc decision variable indicating the amount of new part k 
to acquire in order to meet the overall demand in 
scenario sc 

X3J. decision variable indicating the number of excess 

removed parts k that need to be disposed of 
X3, decision variable indicating the number of excess removed 

k, sc O 

parts k that need to be disposed of in scenario sc 
YP^ k yield of part k from product g (the amount of part k 

obtained after disassembly of end-of-life product g) 
YP k sc yield of part k from product g (the amount of part k 

obtained after disassembly of end-of-life product g) in 

scenario sc 

1.4.4 Disassembly Just in-Time Notation 

In Part III, just-in-time (JIT) notation includes: 

a kanban container capacity for JIT 

ARS v arrival rate of subassembly x from an external 
source 

C(n) total number of possible combinations of a set of n parts 

D c JIT expected demand per unit time (e.g., per day) 

DRP r demand rate for part x 

FRP t furnish rate of part x 

FRS v furnish rate of subassembly x 

K number of kanbans for JIT 

L JIT production lead time (equal to the production time 

plus waiting time plus movement time) 
LRP v _ removal rate of part x at workstation z 
LRS v removal rate of subassembly y 

NPK^ number of part kanbans for part x at a given point on 

the disassembly line 
NSK v number of subassembly kanbans for part x at a given 

point on the disassembly line 
RRP r request rate of part x 
RRS r request rate of subassembly x 
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W JIT buffer stock (equal to zero ideally; often 10 percent 

of D c L is used) 

x part, part kanban, or workstation identification in the 

multikanban system 
y part, part kanban, or workstation identification in the 

multikanban system 
y subassembly or subassembly kanban identification in 

the multikanban system 
z part, part kanban, or workstation identification in the 

multikanban system 

1.4.5 Disassembly Revenue Notation 

Also in Part III, revenue notation includes the following (the artificial 
task notation T from Part I is not repeated here): 

set of AND predecessors of task kt 
total number of artificial tasks 
cost of each disassembly task kt undertaken 
decision-maker determined upper bound on the cycle 
time 

part kp's demand 
identifies any of the np parts 
identifies any of the nt tasks 
number of parts 

total count of each part kp removed by task kt 
number of tasks 

set of OR predecessors of task kt 
set of OR successors of task kt 
set of parts having a negative revenue 
set of parts having a positive revenue 
number of demanded part kp that is removed 
revenue per unit demanded 
cost per unit time of keeping one station open 
decision variable 

binary variable equal to one if task kt is assigned to 
workstation j 

1.4.6 Queueing Theory Notation 

Finally, in Part III additional queueing notation includes: 

X mean number of arrivals per time period 
X effective arrival rate 



AL 

c kl 

CT 

kp 
kp 

kt 



kt, kp 



np 
nr 
nt 

OP k 

os k 
p- 

P' 

% 

REV 
S 
it 



v kt,y 
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jx service rate; the mean number of units that can be served 

per time period 
p traffic intensity; also known as the utilization factor 
o 2 variance 

k state of the queueing system; that is, number of customers 
in the waiting line plus the service facility 

L length of the queueing system (which is given by the 
expected number of customers in the queueing system) 

L length of the queue itself 

n maximum number of customers in the system 

Pr t probability of being in state k 

s number of servers 

t time 

W expected time in the queueing system 
W expected waiting time in line 



1.5 Outline 

Organized in three parts and 29 chapters, this book is primarily concerned 
with the complete disassembly of products on a paced disassembly line 
for component/material recovery purposes. It investigates the qualita- 
tive and quantitative aspects of the multicriteria solution sequences 
generated using the various combinatorial optimization techniques. 

Chapter 2 provides a background in assembly lines, assembly- 
line balancing, and assembly-line modeling in order to provide a 
foundation prior to pursuing the disassembly line. 

Chapter 3 gives an introduction to the disassembly line, detailing 
the many disassembly-specific considerations and providing some 
fundamental definitions. 

Chapter 4 presents a survey of the research into environmentally 
conscious manufacturing and product recovery, assembly and manufac- 
turing, disassembly, and various optimization and search techniques. 

Chapter 5 provides some of the variety of product representa- 
tions used in the disassembly field, including a graph-theory- and 
electrical-schematic-based arc and vertex representation for instances 
of the DLBP, which is then used throughout the book. 

Chapter 6 gives an overview of complexity theory including the con- 
cepts of NP-completeness, unary NP-completeness, and NP-hardness, 
along with a listing of some of the specialized solution methodologies to 
address these problem classes. Also in this chapter, the computer pro- 
cessor hardware, software, language, software engineering, and 
analysis considerations are documented. 

Part II begins with Chap. 7. This chapter presents the problem 
statement and research objectives of this book. 
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Chapter 8 provides a detailed description of the DISASSEMBLY 
LINE BALANCING PROBLEM including all objectives, mathemati- 
cal formulae, and theoretical bounds. 

Chapter 9 builds on the overview of complexity theory given in 
Chap. 6 and provides the proofs that the DISASSEMBLY LINE BAL- 
ANCING PROBLEM is NP-complete, unary NP-complete, and 
NP-hard, necessitating specialized solution methodologies includ- 
ing those from the field of combinatorial optimization. 

In Chap. 10, each of the combinatorial optimization searches used 
in Part II is introduced. 

Chapter 11 introduces the four case-study problem instances. 
These include the personal computer instance, the 10-part instance, 
the cellular telephone instance, and the group of known-optimal 
instances. The personal computer and 10-part problem instances are 
slightly modified case studies from the literature, while the cellular 
telephone instance is a 25-part experimentally determined instance 
from an actual electronic consumer product. The known-optimal 
instances are a variable-dimension data set with known-optimal 
measures in all of the criteria under evaluation in this book. This 
chapter also includes a thorough statistical analysis of the number 
and percentage of optimal solutions with instance size using the 
known-optimal data set. 

Chapter 12 introduces an analytical methodology for the qualita- 
tive and quantitative study of DLBP results. Also, the multicriteria 
decision-making format used in the remainder of the text is detailed. 
The concept of normalization is discussed and formulae for the efficacy 
indices are listed. Finally, simulation as an analysis tool is discussed. 

Chapters 13 through 19 present the combinatorial optimization 
methodologies of exhaustive search, the genetic algorithm, ant colony 
optimization, the greedy algorithm, the greedy/hill-climbing hybrid, 
the greedy/2-opt hybrid, and the uninformed deterministic search 
heuristic, respectively. These chapters also include the numerical 
results of the methodologies' application to each of the four 
instances. 

Chapter 20 compares all of the methodologies using the same qual- 
itative and quantitative processes as used in Chaps. 13 through 19. 
These include graphical depictions of performance and calculated effi- 
cacy indices with growth in instance size, using the known-optimal 
instances. 

Chapter 21 concludes Part II with a discussion of disassembly- 
line balancing extensions, additional issues, solution methodologies, 
probabilistic considerations, and areas for future research. 

Chapter 22 introduces Part III where disassembly-line problems 
that are not directly related to balancing are reviewed. 

Chapter 23 demonstrates application of disassembly consider- 
ations to the planning phase of a product, including the use of the 
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Chap. 9 mathematical formulae for use as indices in measuring the 
efficiency of future disassembly on multiple, competing product 
designs. 

Chapter 24 provides a detailed background into facility design 
considerations and the field's associated definitions, then reviews tra- 
ditional location and layout problems, and finally reuses the Chap. 9 
formulae metrics for comparing different line designs. 

In Chap. 25, classical sequencing and scheduling as used in pro- 
duction analysis is reviewed and applied using disassembly data. 

Inventory theory is discussed in Chap. 26, and deterministic and 
stochastic disassembly-to-order systems are described. 

Chapter 27 extends the disassembly-related inventory theory to 
encompass just-in-time. 

In Chap. 28, a model is provided in which the revenue generated 
from disassembly is the primary consideration. 

Chapter 29 provides a short summary of queueing theory as part 
of a disassembly application of the assembly-line concept of unbal- 
ancing lines. 

Finally, the Appendix provides the acronyms that are referred to 
throughout the book. 
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Assembly Lines 



2.1 Introduction 

In order to take advantage of similarities, as well as to appreciate the 
subtle differences between the assembly-line balancing problem and 
the DISASSEMBLY LINE BALANCING PROBLEM (DLBP), a footing 
in assembly-line theory is required. In this chapter, Sec. 2.2 provides a 
standard background in production and manufacturing and also intro- 
duces some common terms and issues. Section 2.3 provides a short 
history of the assembly line. Section 2.4 reviews specific assembly-line 
considerations. Section 2.5 covers a progression of some basic 
assembly-line models, while Sec. 2.6 summarizes the chapter. 



2.2 Production Background 

Traditional assembly has many inherent challenges (Defense Acquisi- 
tion University, 2009a). For complex or large products it is not unusual 
for production and manufacturing to account for approximately 
30 percent of the total life cycle costs. For these same types of prod- 
ucts, production and manufacturing costs can accrue to 3 times the 
resources spent on all of the development. As a result, a great 
amount of money is spent during a relatively short time period. 
When problems occur in manufacturing, they affect the entire supply 
chain at a rapidly growing rate and cost. Also, problems encountered 
in this phase are often not able to be resolved quickly or inexpen- 
sively. Factors such as changing design requirements, late design 
releases, lack of production planning, and unstable financing can 
contribute to increased costs and production delays. 

To mitigate these risks, production and manufacturing is some- 
times integrated using a three-step process. This production and 
manufacturing integration process consists of influencing the design 
process, preparing for production, and executing the manufacturing 
plan. By influencing the design process, the company integrates manu- 
facturing considerations during the development phase and gives early 
consideration to the procurement strategy, product design, and overall 
project risk management. In preparing for production, the customer's 
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needs are distributed down to the manufacturing operations of the 
factory floor. The process of executing the manufacturing plan allows 
for a smooth transition to production with known risks. The result 
should be uniform, defect-free products, with consistent perfor- 
mance, and at the lowest cost. 

Design is transformed into the finished product through a pro- 
cess made up of five basic elements: machinery, method, material, 
man, and measurement (5M). The 5Ms are used to ensure the design 
is capable of being produced into a uniform, defect-free, reproduc- 
ible product. Machinery varies in type, particularly in terms of the 
volume of production. Robotics and automated machines differ 
from those requiring a dedicated operator. For example, manufac- 
turing a satellite involves several highly trained personnel and 
results in the production of just one or two units per year. This is in 
contrast to the automated machinery used to manufacture, for 
example, millions of ball bearings each year. Method represents the 
way that raw materials are formed, shaped, and held together. Often 
there are many methods to accomplish the forming of a part. Both 
the materials and design requirements drive the selection of the 
methods. For example, boring a hole may be performed by drilling 
with a bit abrasive water jet, or industrial laser. The accuracy and 
precision needed usually dictates the method. Material includes all 
the raw materials that are needed to produce the parts/ assemblies 
for the system and for the production equipment itself. Materials 
are often dictated by the functional requirements of the product. 
Man describes the utilization of personnel. Measurement (or metrics) 
is crucial to the overall production process; however, the systems 
needed to measure things — from the raw material to the testing of 
the final product — are often overlooked. Measurement systems pro- 
vide for precision and accuracy in the manufacturing process. 
Examples of measurement include inspection, gauges, tolerances, 
and statistical process control. 

Pwducibility is the relative ease of manufacturing an item. Produc- 
ibility is a design accomplishment resulting from a coordinated effort by 
systems /design engineering and manufacturing/ industrial engineering 
personnel. This coordinated effort creates a functional hardware design 
that optimizes ease and economy of component fabrication, assembly, 
inspection, test, and acceptance. A producible design should not sacrifice 
desired function, performance, or quality. 

The five top-level design goals for a producible product include 
design for ease of fabrication, design for ease of assembly, design for multi- 
use, design to minimize number of parts, and design to maximize number of 
common parts. Designs that are complex to form or shape may result 
in excessive fabrication time and often cannot be fabricated at consis- 
tent quality levels. New processes may enhance the ease of fabrica- 
tion of products. As assembly is the primary driver of labor costs, the 
use of computer-based design aids can assist in assessing how easy a 
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subsystem is to assemble. Trade-offs exist between easing assembly 
and fabrication: The complexity of the fabrication may need to be 
increased in order to reduce the assembly time. In terms of multiuse, 
when possible the design should specify that the same part or assem- 
bly process be used several times, including use across product lines. 
Multiuse permits certain economies of scale and helps support the 
logistics aspects of the system. Another consideration is minimizing 
the number of parts. In addition to the cost of material and fabrica- 
tion, each part has an overhead cost. By minimizing the number of 
parts, the overall cost of the product is reduced. The minimization of 
parts applies to both the number of total parts as well as to the num- 
ber of different parts. Finally, another design goal is to optimize the 
number of common parts. For example, designers may be limited to 
items from an approved parts list. Common parts can potentially be 
produced by a large number of suppliers. Also, the use of common 
parts is preferred over more intricate or complex parts; tailored, com- 
plex parts are generally harder to machine, cast, or otherwise manu- 
facture. The use of common parts also benefits after-sale support. 

Even with adequate planning, production problems can still 
occur. Understanding common causes of production problems can 
help to mitigate their impact. The major causes of these are unstable 
rates and quantities, design instability, undue emphasis on schedule, 
inadequate configuration management, and inattention to environ- 
mental impact. Any time the rate of manufacturing and/or the over- 
all quantity to be manufactured changes, production efficiency can 
suffer, leading to increased cost. The goal of an effectively designed 
production line is to produce the product at a cost-effective rate and 
quantity. Increases and decreases to the projected rate and quantity 
can result in under- (too little) or over- (too much) production capac- 
ity. Both situations can result in cost increases. Design instability is 
the second type of problem. When the design changes, the 5Ms often 
change, and the manufacturing planning is reset to zero. This impact 
is particularly significant during the fabrication of parts. It takes time 
to redevelop and /or rep lan for production when the design is 
changed. Often there may not be enough time or money to address 
the impacts of a design change adequately. Design instability during 
production may result from the design effort not being completed or 
from changes in the customer requirements. It is also recognized that 
holding firm to a contractual schedule or a product release date, when 
there is excessively high or unknown manufacturing risk, can be 
prone to undesirable results. Schedule delays are common when the 
manufacturing solutions require new materials, methods, machines, 
personnel, or measurement systems. It is desirable for the process to 
be event-driven with entry /exit criteria, and not driven solely by 
schedule or planned release dates. Related to design instability is the 
understanding of which design to produce. Inadequate configuration 
management can have as significant an impact as design changes 
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themselves. If the wrong design is executed in manufacturing, it sim- 
ply creates additional work in trying to correct the problem. Good 
configuration management is closely linked with good design con- 
trol. Lastly given the expectation of moderately frequent changes to 
environmental laws and their continued complexity, manufacturing 
efforts can be hampered by facility closure or heavy fines for violat- 
ing environmental laws. Throughout the production process, manag- 
ers need to be aware of the long-term impact that environmental laws 
have on the total life cycle costs for maintenance (if applicable), logis- 
tics, overhead, and disposal. As a result, design and process actions 
are often taken in order to eliminate environmental hazards. 



2.3 History of the Assembly Line 

The assembly line is often considered to be the most efficient way to 
produce many identical or near-identical products. One definition of 
an assembly line is that it is a manufacturing process where parts are 
sequentially added together by workers (including robots) until a 
final product is attained at the end of the line. The most familiar of 
these processes is a flow shop where the product being assembled 
moves at a constant rate on a paced line, possibly on a conveyor belt. 
While often attributed to the Ford Motor Company's assembly-line 
efforts from 1908 to 1915, the history of sequential mass production 
can be traced much further back. 

The first evidence of an assembly line is attributed to the commis- 
sioning by Chinese Emperor Qin Shi Huangdi of the Terracotta Army 
in approximately 215 BC. The 8000 life-sized figures each had sepa- 
rate body parts which were manufactured at different locations/ 
facilities (and individually labeled as such), collected, and then 
assembled into the final product. 

In the 1500s, the Venetian Arsenal (an Italian shipyard, key to 
Venice's expansion at the time) employed almost 20,000 workers 
and reportedly delivered a ship each day. This was accomplished 
using standardized parts and an assembly-line type of manufactur- 
ing process. 

Prior to the early 1800s, pulley-block (four-part, wooden ships' 
sail-rigging pulley mechanisms) production had been performed by 
a variety of contractors. This was expensive, manual-labor intensive, 
and provided inconsistent quality. Then Portsmouth Block Mills 
began producing pulley blocks for the British Royal Navy using what 
is considered to be one of the first linear, continuous assembly lines. 
These — now standardized — pulleys were mass produced using all- 
metal machine tools. 

While not creating any of these assembly-line concepts, Eli Whit- 
ney is credited with introducing interchangeable parts and machine (as 
opposed to hand) tools and jigs (a fixture for holding parts in position 



Assembly Lines 



during assembly), moving the skills from the worker to the machine, 
and making use of unskilled or semiskilled workers. This all took 
place in his manufacturing of firearms in the early 1800s. 

The Chicago meatpacking industry of the 1860s is often consid- 
ered the first assembly line in the United States (and, obviously, the 
first disassembly line). In these facilities, workers would be station- 
ary at fixed workstations and the product would come to them. The 
line was an overhead trolley system that followed a given path at a 
relatively constant rate. Each worker on the line performed one task 
and repeated that task for each product that passed his workstation 
on the line. 

The Industrial Revolution (1860s to 1890s) saw extensive improve- 
ments in mass production technologies and concepts throughout West- 
ern Europe and the United States (primarily New England). In 1901 the 
assembly-line concept was patented in the United States by Ransom 
Olds and used to mass produce automobiles in his Olds Motor Vehicle 
Company. Inspired by the idea of one person performing one job over 
and over again in the Chicago slaughterhouses, the assembly line was 
applied and refined by the Ford Motor Company, moving from a con- 
cept in 1908 to a finalized system by 1915 that increased production of 
a vehicle from taking almost 13 hours to just over 1.5 hours, used fewer 
workers, and increased worker safety (since assignment at one work- 
station prevented them from roaming about the facility). From this 
time, assembly-line use expanded rapidly; companies that did not 
adapt them could be expected to disappear. 



2.4 Assembly-Line Balancing 

Dating back to the mid-1950s and early-1960s, assembly-line-balancing 
research has enjoyed a great deal of significant study. While commonly 
treated as being from the field of manufacturing and production (more 
precisely, the field of scheduling), assembly lines are also regularly 
studied in the field of facility layout. Finch (2008) considers four types of 
facility layouts: process-oriented layouts, product-oriented layouts, 
cellular layouts, and service layouts. 

Process-oriented layouts are characterized by functional depart- 
ments and have a primary objective of locating the departments hav- 
ing the greatest interaction physically near to each other. 

Product-oriented layouts consist of production or assembly lines, 
where products flow through a large number of workstations, each 
adding components and labor until a final product is achieved. While 
providing low costs at high volumes per unit, they typically have 
minimal flexibility. 

Cellular layouts offer a compromise between the two, requiring 
that a family of products be produced in a cell containing all of the 
resources necessary to produce all of the products in the family. 
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Finally, service layouts may be similar in design to either a 
product-oriented layout (but having a service, rather than a product, 
flowing through the system) or a process-oriented layout. An example 
of a service layout would be the floor plan and product placement (e.g., 
placing high-frequency purchase items at the rear, requiring customer 
traffic through low-frequency areas) in a retail store. 

Other authors consider additional configurations, such as fixed- 
position layouts and layouts based on group technology (Nahmias, 2009). 

Assembly-line balancing is also considered a component of 
contemporary lean manufacturing. A concise definition and example 
tailored toward end users and line managers can be gleaned from 
Tapping (2003). Here, line balancing is described as a six-step process in 
order to evenly load all workers, define the order in which work ele- 
ments should be performed, and define the number of line workers 
required. It is implied that the last step (i.e., evenly distribute work ele- 
ments) in the process is performed either exhaustively or by trial and error. 
Either way, it is also implied that this step can be readily accomplished 
using either of these methods. In fact, for all but the simplest cases, this 
seemingly innocuous sequencing portion of the process is exceptionally 
difficult, necessitating many of the heuristics and metaheuristics that have 
been proposed for and used in assembly-line balancing. 

The recent flexibility of plants and of plant layouts has moved 
assembly-line balancing more toward the dynamic-scheduling prob- 
lem area. While various scheduling algorithms exist that address the 
challenge of sequencing, in general these attempt to minimize the 
number of workstations while often not addressing balance between 
workstations. 



2.5 Line Modeling 

When assembly-line balancing is considered as a component of the 
facilities planning and layout process in management science, the 
design of the line (i.e., placement and sequence of production tools 
and equipments) and of the product itself are considered in advance 
of the facility layout and subsequent production in order to maximize 
the utilization rate U (ratio of the sum of all task times to the total line 
time) and minimize the balance delay (lost resource utilization result- 
ing from differences in processing times at each workstation). Finch 
(2008) provides an overview of these and other definitions, as well as 
the following five-step line-balancing algorithm and associated 
example. In this facilities-focused line-balancing method, the cycle 
time CT required to meet some given output requirement is calcu- 
lated as part of the line's design; the greater the output rate, the 
shorter the cycle time must be; the shorter the cycle time, the greater 
the number of workstations required to complete all of the produc- 
tion. Another design value of interest is given as being the production 
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lead time (also known as the line time), which is the amount of time a 
product spends in a production system in order to be completed. This 
is calculated as 

Production lead time = CT • NWS (2.1) 

where NWS is the number of workstations in the production line. 
This assembly-line balancing process is provided as 

1. Identify the tasks and their associated task times and prece- 
dence relationships. 

2. Determine the cycle time necessary to satisfy output require- 
ments using 

_ Production time available per day 
Units of outtput required per day 

3. Determine the theoretical minimum number of workstations 
NWS, using 

lower O 



TT 



CT 



(2.3) 



where the total time TT is the sum of the task times. 

4. Assign tasks to the workstations. 

5. Evaluate the utilization of the line using 

The vague balancing process of step 4 is indicated in Finch (2008) 
by example where little more than observation and trial and error is 
used. The corresponding example consists of a product with 17 pro- 
duction tasks and having the goal of producing 120 units per day in a 
typical 8-hour workday with step 1 given in Table 2.1 and depicted in 
Fig. 2.1. 

With 480 minutes (8 hours) per day available and desiring that 
120 units be produced during that period, step 2 gives a cycle time of 
4 minutes. Since the times in Table 2.1 sum to 19.5 minutes, step 3 
calculates a theoretical number of workstations as being five. Though 
step 4 does not provide precise details, the sample's solution can be 
seen to be developed by working from left to right and top to bottom 
while starting from the first vertex and preserving precedence. That is, 
start at vertex one (precedence allowing), and add vertices to its right 
that are connected by arcs (to preserve precedence) until the next vertex — if 
selected — would exceed CT. At that point, attempt to continue in the 



Disassembly Background 



T3sK 


LrCaOiipLIUII 


Tim© 


ricUclfCaaUls 


± 


INSpfciOl LOp UOdlLl 


U.D 




9 


OfcJLJUfcM IL.C III Jig 




1 


Q 
O 


Incoct +/"\r\ hroroc 
lllbclL LUp UidOcb 


U.o 


O 
A 


/I 
H 


OuicVV Uldl/Cb 




o 
o 


o 


nciTlOVc Lop 


n o 
u.z 


*f 


D 


lllbpcOL UOLLOill DOdiUS 


u.o 




7 


Incflrt 1 Ci'fi" cinH hnarrlc 

lllbcfL IcMl cNU UOdiUb 




O 


Q 
O 


1 1 incQi't r~~ o r hnlt 

Ullll, IflbciL CcllLci UOIL 


l.ZO 


7 


Q 


ntJIIIUvfc; lei L trl Id doby 




Q 
o 


1U 


lllbclL ilgllL ciiU UOdiLlb 




D 


_L_L 


1 \ Kill incort r-d ntor hrtlt 
Ullll, lllbcM L tcMLul UUIL 


1 OR 


1 O 
1U 


1 O 


KclllUVc ilgllL fcillU dbby 






13 
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14 


Attach hinges 


3.6 


5 
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Attach base 
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Inspect 


0.7 


15 


17 


Package 


1.8 


16 



Table 2.1 Assembly Tasks 



current workstation by using vertices that are listed below the previ- 
ous row of vertices, and then continuing to the right, selecting vertices 
sequentially (and repeated for the next row down when the next vertex 
selected would exceed CT). This process continues until a new work- 
station is required (at which point the process starts over again using 
vertices not yet assigned to any workstation) or until all tasks have 
been assigned. 




Figure 2.1 A 17-part assembly-line example precedence diagram. 
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Using this technique, the solution is given as 1, 2, 3, 6, 7, 8, and 
10 in workstation one (3.95 minutes); 4 and 9 in workstation two 
(4.00 minutes); 5 and 14 in workstation three (3.80 minutes); 11, 12, 
and 13 in workstation four (3.95 minutes); and 15, 16, and 17 in worksta- 
tion five (3.80 minutes). Overall utilization is seen to be 97.5 percent 
using Eq. (2.4). 

The lean-manufacturing-based line-balancing process described 
by Tapping (2003) for evenly loading all workers, defining the sequence 
in which work elements are to be performed, and determining the 
number of workers required, consists of the following six steps: 

1. Choose a process or work area (i.e., select the product, in the 
case of an assembly line). 

2. Obtain individual task times for each work element (deter- 
ministic as given in this process and in its example). 

3. Sum these task times to obtain the total time TT. 

4. Create an operator balance chart (a visual depiction of each 
work station and its associated tasks, all of which are sized in 
proportion to time). 

5. Determine the ideal number of line workers (the minimum 
number of workstations NWS, ). 

lower' 

6. Evenly distribute work elements among workers as calcu- 
lated in step 5. 



Step 5 is calculated using 

~TT 



NWS Iower : 



takt 



(2.5) 



where 



DT 

takt=^ (2.6) 

with takt (the German word for "rhythm" or "beat") time being the 
rate needed to produce one part or product, DT representing the 
available daily production time, and DQ being the total daily quan- 
tity required [Eq. (2.5) is then the same as Eq. (2.3)]. The balancing 
portion of this algorithm (i.e., step 6) is not clarified, indicating that it 
is performed manually — either exhaustively or by trial and error — 
which is impractical for all but the smallest products. 

While these algorithms — rooted in facilities planning, layout 
design, and lean manufacturing — do not reconcile the potentially 
daunting challenge in minimizing workstations and balancing work- 
loads, they do provide an essential service in exposing line workers, 
manufacturing managers, and management science students to the 
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importance of minimizing the size of the line and equalizing efforts at 
the workstations. The complexity of balancing is ultimately addressed 
in the fields of scheduling theory and of production analysis. 

Some of the first researchers to provide a solution to this problem 
were Helgeson and Birnie (1961) whose ranked positional weight tech- 
nique assigns weights to tasks based on the total time required by all 
subsequent tasks. Tasks are then assigned to workstations sequentially 
based on these weights, while not exceeding the cycle time or violating 
precedence constraints. As is the case with many assembly-line balanc- 
ing processes, this algorithm works to minimize the number of work- 
stations but with no process provided to equalize station times 
(i.e., balancing the workload is not considered). Also common to 
many assembly-line balancing techniques is its practical applica- 
tion of assisting the decision maker in adjusting cycle time in order to 
reduce the number of workstations or in reducing the cycle time while 
maintaining the number of workstations in order to reduce the total 
line time. Nahmias (2009) provides an example (Table 2.2) consisting of 
a product with 12 production tasks and having a cycle time of 15. 

Since the installation times sum to 70 and with the cycle time of 
15, Eq. (2.3) then gives a lower bound of five on the number of work- 
stations. Figure 2.2 graphically depicts the precedence relationships. 

The tasks' positional weights are then calculated by summing the 
time to complete these tasks and all subsequent tasks (e.g., task five's 
positional weight is seen to be 2+1 + 4 + 6+ 7 = 20) and the tasks are 
sorted by decreasing positional weights (Table 2.3). 



Task 


Time 


Predecessors 
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12 
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1 
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2 
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12 


2 
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3, 4 
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7 
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10 


4 


9, 6 


11 
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8, 10 


12 


7 


11 



Table 2.2 Assembly Tasks for 
Ranked Positional Weight Example 
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Figure 2.2 A 12-part assembly-line example precedence diagram. 



Task 


Positional 
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Decreasing 
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Positional 
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70 


70 
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58 


58 


2 
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31 


31 
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27 


29 
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20 


27 
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29 


25 
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25 


20 
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18 


18 
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18 


18 
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10 


17 


17 


10 


11 


13 


13 


11 


12 


7 


7 


12 



Table 2.3 Calculated Ranked Positional Weights 

Assigning tasks to workstations in positional weight order sees task 1 
(task time of 12) assigned to workstation 1. Tasks 2 and 3 are considered 
next but are both too large (with each having times of 6, either would 
exceed the cycle time of 15); each of these tasks is subsequently 
assigned to workstation 2. Task 6 is considered next but is too large 
(task time of 12) and is therefore assigned to workstation 3. Task 4 (task 
time of 2) is considered and is seen to fit in workstation 1 but would 
result in violating task 2's precedence constraint. Task 4 does fit into 
workstation 2 and without violating task 6's precedence constraint. This 
process continues, resulting in the solution as shown in Table 2.4. The result 
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Workstation 


1 
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4 


5 


6 


Tasks 


1 


2, 3, 4 


6, 5, 9 


7, 8 


10, 11 


12 


Station time 


12 


14 


15 


12 


10 


7 


Idle time 


3 


1 





3 


5 


8 



Table 2.4 Initial Ranked Positional Weight Solution 

is six workstations with a total idle time of 20 minutes and a total line 
time of 1 hour 30 minutes. 

The ranked positional weight technique then allows the determi- 
nation of the minimum cycle time that would result in, for example, 
five (versus six) workstations. Incrementing CT to 16 is attempted — and 
successful — giving the five-workstation solution shown in Table 2.5 
(if CT = 16 were not successful, the cycle time would be incremented 
to 17, 18, and so on until a solution with five workstations was 
obtained). The result is five workstations with a total idle time of 
10 minutes and a total line time of 1 hour 20 minutes. 

Finally, the ranked positional weight technique can alternatively 
be used to determine the minimum cycle time while maintaining, for 
example, six workstations. Decrementing CT to 14 and then to 13 are 
both successful with CT = 13 giving the six-workstation solution 
shown in Table 2.6. The result is six workstations as originally found, 
but this time with a total idle time of only 8 minutes and a total line 
time of just 1 hour 18 minutes. 

While assembly-line balancing primarily considers deterministic 
part-installation times, probabilistic times have been considered as 
well. More precisely, stochastic scheduling of lines can be broken into 
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Table 2.5 Reduced Workstation Ranked Positional Weight Solution 
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Table 2.6 Reduced Cycle Time Ranked Positional Weight Solution 
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static (task times are stochastic, but tasks arrive for processing simul- 
taneously) and dynamic (task arrival rates are stochastic). These are 
typically addressed using the well-established field of queueing the- 
ory (see Hillier and Lieberman, 2005, for a standardized overview of 
this field of study, and Pinedo, 2002, for a detailed summary of line- 
specific scheduling). It should be noted that the application of queue- 
ing theory necessitates a job shop (versus a flow shop) model of the 
line or the use of buffers (for storage) between workstations. It is for 
these reasons that lines with stochastic times are not further detailed 
in this chapter or to any significant level in the remainder of the book 
(see Sees. 21.4, 21.5, 25.4, 26.3, and 29.3 for exceptions to this). 



2.6 Summary 

Though not precisely the same as disassembly lines, the quantitative 
study of assembly lines provides a sound basis for the description 
and mathematical study of the disassembly line, as well as an appre- 
ciation of the computational complexity involved in finding ideal 
sequences. 

While some algorithms that are made available to the practitioner 
are too simplistic for all but the smallest of lines, much of the breadth 
and depth of the half century of work in sequencing assembly lines 
can be leveraged in the study and analysis of disassembly lines. The 
wealth of research into assembly-line sequencing and balancing will 
not be reconstituted with disassembly terms in this text. Where appli- 
cable, these are appropriate techniques to be used, but areas where 
assembly-line algorithms and techniques can be directly applied or 
applied with slight modification to disassembly lines will not be dis- 
cussed and are left to the reader. This text will primarily focus on 
significant extensions of some assembly line (and other) algorithms 
and new, disassembly-specific efforts. 

Ironically, disassembly lines — which are only becoming a topic of 
rigorous research and analysis at the beginning of the twenty-first 
century — led to the creation of assembly lines at the beginning of the 
twentieth century: The disassembly lines of the Chicago slaughter- 
houses inspired Henry Ford to legitimize the assembly line, spurring 
manufacturing and the Industrial Revolution. 
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CHAPTER 



Disassembly Lines 



3.1 Introduction 

Disassembly can be defined as the systematic separation of an assembly 
into its components, subassemblies or other groupings (Moore et al., 
2001; Pan and Zeid, 2001). Disassembly is an important process in 
material and product recovery since it allows for the selective separa- 
tion of desired parts and materials. In this chapter, Sec. 3.2 provides 
an overview of the state of the disassembly industry, while Sec. 3.3 
provides a history of the disassembly line. Section 3.4 reviews 
disassembly-line considerations and terminology. 



3.2 Overview 

Popular press examples of why and how end-of-life processing is 
performed abound. Brown (2009) provides an overview of different 
techniques used by U.S. manufacturers, explaining how economics is 
a significant driver for these. With corporations looking to minimize 
costs, and with many of the obvious or easy ways to achieve this 
reaching practical limits, reducing inputs per unit of output is often 
seen as the next source of cost reduction. An environmental sense of 
urgency is listed as another powerful motivator, with the National 
Academy of Sciences, American Association for the Advancement of 
Science, and American Geophysical Union all described as having 
found compelling evidence of a link between human activity and cli- 
mate concerns. Examples given in Brown's paper include a success 
story from IBM Corporation of how the company has created a $2 bil- 
lion electronic equipment recycling business at 22 sites globally that is 
able to find uses for more than 99 percent of what is brought in. 

Well-intended end-of-life solutions can have unintended conse- 
quences. According to a report by Walsh (2009), 80 percent of the U.S. 
population simply tosses obsolete electronic components directly into 
the trash, amounting to more than 350,000 cell phones and 130,000 
computers every day. Unfortunately, of the electronic waste that is 
recycled, a portion of it ends up overseas, where valuable metals 
may be removed with little or no oversight or regulation, and using 
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polluting mechanical removal methods such as chipping and scrap- 
ing, burning away plastics and other nonmetals over open flames, or 
using hazardous chemicals such as acids in uncontrolled environ- 
ments — often homes. An August 2009 Government Accountability 
Office report is described as listing the Environmental Protection 
Agency's (EPA) enforcement as "lacking" and described a formal 
investigation that found that 43 U.S. recycling firms were willing to 
ship broken computer monitors having lead-laden cathode-ray tubes 
to buyers in foreign countries without getting the required permis- 
sions from either the EPA or the receiving countries. However, recent 
successes include Apple's laptop design for easier recycling, Sony's 
pledge to only work with recyclers who do not export waste, Dell's 
take-back program and environmental audits of partners, and a gen- 
eral reduction, across the electronics-manufacturing industry, in the 
use of toxic metals (such as mercury) and small pieces of glass and 
aluminum. Still, the exporting of electronic waste remains a concern 
and is yet another reason why efficient, effective dismantling is 
essential, with a productive, balanced, disassembly line being a critical 
component of this. 

Hindo (2006) claims that remanufacturing provides companies 
with another way to compete in the marketplace and then, as a case 
study uses Caterpillar Incorporated. With a general rule being given 
as 70 percent of the cost to build something new is in the materials 
and 30 percent is in the labor, it may often make sense to reuse the 
larger expense component of the two. Remanufacturing almost 
reverses these percentages (according to survey data of 270 manufac- 
turing companies credited to Robert Lund and William Hauser) with 
materials' cost shrinking to 40 percent. In addition, remanufacturing 
gives an additional benefit of a lower total product cost, typically being 
half of that of a new product. (The fiscal performance of Caterpillar's 
remanufacturing operations led the company to create a separate divi- 
sion in 2005, with over $1 billion in sales and an expected growth rate of 
15 percent annually.) Hindo lists Rochester Institute to Technology and 
Boston University reports as determining three requirements for a 
successful remanufacturing operation: design, logistics, and "low 
fashion." The product to be remanufactured must be designed for 
disassembly to allow it to be taken apart, remachined or refinished, 
and rebuilt for two, three, four, or more life cycles. The product also 
must have a reverse-logistics network in place to prevent the com- 
pany from expending too many resources in determining where their 
end-of-life products are and how to collect them (examples given of 
how this has been done successfully include establishing robust 
dealer relationships and providing financial incentives to clients). 
Caterpillar relies on a process where, for example, a customer is 
charged full price for a remanufactured part that is sold usually for 
half price, and is refunded the difference only after the customer's 
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end-of-life part is turned in and accessed as being able to be remanu- 
factured. This process effectively incents customers to become part- 
ners. (A similar process — but one that is more regulatory than profit 
oriented in nature — is familiar to most consumers, where an end-of-life 
automobile battery has some monetary turn-in value.) Finally it is 
claimed that fashion, popularity, and style cannot be remanuf actured; 
when the level of desire a consumer has for a product extends beyond 
the product's performance, the product is only worth remanufactur- 
ing as a warranty replacement. 

The aerospace industry has been on the forefront of remanufac- 
turing for decades. Aircraft components are not only expensive due 
to high manufacturing costs (as a result of rigorous design, laborious 
test, precision machining, materials that are often rare or possess a 
high level of purity and low rates of production), they also must be 
government-aviation-agency certified for use. Both of these elements 
easily justify remanufacturing (in addition to the obvious durability 
of the parts). However, only a fraction of the resources expended to 
develop a new aircraft is invested in allowing for disposal or recy- 
cling at its end of life (Ripley, 2008). A 2007 initiative by a European 
aircraft consortium has established an aircraft-dismantling facility in 
France. The Tarbes Advanced Recycling & Maintenance Aircraft 
Company (TARMAC AEROSAVE) expects to dismantle 300 surplus 
airliners every year and indicates that 85 percent of these aircrafts' 
parts can be reused, recycled, or recovered in a secure and environ- 
mentally friendly manner. Prior to this effort, most retired airliners 
were stored out in the open at desert locations, allowing toxic materi- 
als to enter the environment as the aircraft decayed. In addition, 
newer aircraft contain many computer components as well as exotic 
structural materials — such as titanium and carbon fiber as opposed 
to the almost exclusive use of aluminum and steel in older designs — 
further necessitating environmentally aware disposal. 

Hazardous materials are of significant concern and are a factor in 
the processing of many end-of-life products. Different governments, 
government agencies, and organizations define hazardous materials 
in a variety of ways. Examples using the hazardous materials lists of 
the U.S. Army Material Command, Environmental Protection Agency, 
and Air Force Aeronautical Systems Center are demonstrated in Table 3.1 
(Defense Acquisition University, 2010). 

These materials can often be relatively expensive to dispose of as 
seen in Table 3.2, where the bulk rates paid by the U.S. Defense Logis- 
tics Agency are detailed (Defense Acquisition University, 2010). An 
individual company's costs can be expected to differ depending on 
quantities and services available. 

Since all manufactured products may not be fully reusable or 
may have remaining materials that are not completely recyclable, 
some amount of waste can often be expected. Pearce (2009) lists three 
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Army Material 1 Environmental Protection 1 Aeronautical Systems 
Command "Big 3" Agency List of 17 Center Priority List 


Ozone depletors 
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Group 1: highest priority 


Firefighting 
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Stripping 


MEK 


Heavy metals and 
compounds 


Cleaning 


MIK 


Painting 


Nickel and compounds 


Sensitizers 




Tetrachloroethylene 


Group III: consider 
toxicity 




Toluene 




Tichchloroethyene 


Advanced composite 
material components 




Xylenes 



Note: PCB = polychlorinated biphenyls,VOC = volatile organic compounds, MEK = 
methyl ethyl ketone, MIK = methyl isobutyl ketone 



Table 3.1 Examples of Hazardous Materials Listings 



Chemical 


Cost to buy 


Cost to dispose of 


Freon (nonrefrigerant; cleaning) 


$9.95 


$4.19 


Polyurethane paint 


$8.52 


$4.50 


Zinc chromate primer 


$8.61 


$7.00-$15.00 


Battery acid 


$1.82 


$3.40-$25.00 


Trichloroethane (cleaning) 


$4.83 


$3.60 


Hydraulic fluid 


$4.00 


$2.79-$9.00 


Motor oil 


$0.50-$1.00 


$2.36 


Acetone (cleaning) 


$2.90 


$4.07 



Table 3.2 Hazardous Materials Cost Factor Chart (Costs are per Gallon) 
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ways to finance waste disposal: extended producer responsibility 
(the producer is responsible for disposal, either through assumption 
of disposal costs or via their own take-back program; e.g., the Euro- 
pean Union's Proposal for a Directive on Waste Electrical and Electronic 
Equipment), advanced recovery fees (the producer collects a disposal 
fee at the time of purchase; e.g., the state of California's Electronic 
Waste Recycling Act), and end-of-life fees (consumers pay at the time 
of disposal; e.g., Hewlett-Packard Company's mail-back option). 

Whether for environmental, remanufacturing, or regulatory rea- 
sons, efficient disassembly of an end-of-life product is critical. 



3.3 History of the Disassembly Line 

The disassembly line has existed for over a century, attributed to the 
Chicago slaughterhouses of the 19th century. The practices at these 
slaughterhouses are recognized as being the first production lines 
and they certainly provided the impetus that led to the first true 
assembly lines, attributed to the Ford Motor Company in the early 
1900s. Assembly lines improved dramatically over the next 100 years, 
yielding improvements in speed, precision, flexibility, and product 
cost. Manufacturing improvements resulting from assembly lines 
motivated the creation or evolution of the fields of industrial engi- 
neering, human factors, operations research, and later, computer 
processor task scheduling. Assembly-line-specific research flour- 
ished as well, with many significant and fundamental technical 
problems being addressed in the literature of the 1960s. The success 
of assembly lines would ultimately lead to a need to remove the 
multitude of low-cost products (no longer able to be justifiably 
repaired when new replacements could be acquired at a lower cost) 
with the environmental movement of the 1960s and 1970s (and 
often dated to the 1962 publication of the Rachael Carson book 
Silent Spring). This, and the revolutionary idea that assembly prob- 
lems could be most efficiently studied by considering them as 
reverse disassembly problems, led to the study of disassembly in 
the 1980s (Bourjault, 1984). The subsequent stream of disassembly 
research has steadily increased with continued motivation from 
government regulation, corporate profit, and consumer desires. By 
the 2000s the disassembly line had received its first disassembly- 
unique description as having features that separate it from treat- 
ment as an assembly line (Giingor and Gupta, 2002), and balancing 
the disassembly line was mathematically modeled (McGovern and 
Gupta, 2003a) and formally defined (McGovern and Gupta, 2006c). 
The success of assembly lines — inspired by the first disassembly 
line — has led full circle to the need for disassembly lines and associ- 
ated disassembly-line-specific research (see Lambert and Gupta, 
2005 for additional historical perspectives). 
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3.4 Disassembly-Specific Considerations 

Giingor and Gupta (2002) were the first to formally propose the dis- 
assembly line. The following is a summary of some of the various 
considerations in a disassembly-line setting due to their observation 
of a disassembly line as being fraught with a variety of disassembly- 
unique complications. 

3.4.1 Product Considerations 

The number of different products disassembled on the same line is an 
important characteristic of a disassembly line. The line may deal with 
only one type of product whose original configuration is the same for 
every product received; for example, only personal computers (PCs) 
with certain specifications. The line may also be utilized to disassem- 
ble products belonging to the same family; that is, whose original 
configurations are only slightly different from each other. For exam- 
ple, there may be different models of PCs on the same line. The line 
may receive several types of products, partially disassembled prod- 
ucts and subassemblies whose configurations are significantly or 
completely different from one another such as PCs, printers, digital 
cameras, motherboards, and monitors. 

Changing the characteristics of the products complicates the dis- 
assembly operations on the line. Intuitively, balancing a disassembly 
line used for the disassembly of several types of products can become 
very complex; such a line may be balanced for a group of products, 
yet its status may become unbalanced when a new type of product is 
received. 

3.4.2 Line Considerations 

Various disassembly-line configurations may be possible. Some lay- 
outs will be inspired by assembly-line layouts. For example, layouts 
such as serial, parallel, circular, U-shaped, cellular, and two-sided 
lines (Finch, 2008) also find their way onto disassembly lines. Even 
so, new layout configurations may still be required to enable more 
efficient disassembly lines. 

One of the most important considerations of a disassembly line is 
the line speed. Disassembly lines can be either paced or unpaced. 
Paced lines may be used to regulate the flow of parts on disassembly 
lines. However, if there is too much variability in the task times 
(which depends upon the conditions of the products being disassem- 
bled and the variety of the products processed on the line), it might 
be preferable to have an unpaced line. In such lines, each station 
works at its own pace and advances the product to the next worksta- 
tion after it completes the assigned tasks. The advantages of paced 
lines over unpaced lines include less work in process, less space 
requirements, more predictable and higher throughput, and — if 
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properly handled — less chance of bottlenecks. To take advantage of 
the positive aspects of a paced line, its speed can be dynamically 
modified throughout the entire disassembly process to minimize the 
negative effects of variability (including variability in demand). 

3.4.3 Part Considerations 
3.4.3.1 Quality of Incoming Products 

When a disassembly system receives the returned products, their 
conditions are usually unknown: sometimes they are in good condi- 
tion and relatively new, while at other times they are obsolete, non- 
functioning items. Therefore, there is a high level of uncertainty in the 
quality of the products and their constituent parts. There is a trade-off 
between the level of uncertainty and the efficiency of the disassembly 
line. When the level of uncertainty increases, the disassembly effi- 
ciency worsens, especially if the disassembly line has not been 
designed to cope with the uncertainty in product /part quality. 

A part is considered to be defective if the part has a different struc- 
ture and/ or different operational specifications than its original 
structure and/or specifications. Apart can become defective in vari- 
ous ways, such as suffering physical damage or being exposed to 
extreme operating environments. There are primarily two types of 
defects: 

• Physical defect The geometric specifications (i.e., dimensions 
and shape) of the part are different from its original design. 
For example, the cathode-ray tube of a computer monitor can 
be broken, or the cover of a personal computer can be 
dented. 

• Functional defect The part does not function as it was 
originally designed to. For example, the central processing 
unit (CPU) of a PC may be physically perfect but it may not 
function properly due to an internal problem. 

There are three considerations with these two types of defects: 

• Removable defective parts (type A defect) Some of the phys- 
ically defective parts in the product can be disassembled even 
though they sustain some level of damage. This type of 
physical defect is referred to as a type A defect. When a part 
is physically defective and yet removable, it might take lon- 
ger to remove that part. However, it does not affect the 
removal of other parts since the precedence relationship is 
not affected by the longer disassembly time. 

• Nonremovable defective parts (type B defect) Sometimes a 
physically defective part in a product cannot be disassembled 
because it is either badly damaged (and thus gets stuck in 
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position) or its connection is of the type that must be physi- 
cally broken. This is a type B defect and it has a tremendous 
impact on the efficiency of the disassembly line. For example, 
even if the nonremovable part does not have a demand, it 
may still precede other demanded parts. Also, a part with a 
type B defect may result in what is known as the disappearing 
work-pieces phenomena (Sec. 3.4.4.5). 

• Parts with functional defects Assume that part k does not 
have a physical defect (type A or B), but rather sustains a 
functional defect. If this fact were known in advance, then the 
disassembler may or may not have an incentive to remove 
the part (unless, of course, it precedes other demanded parts). 
Therefore, in addition to concerns related to physical defects, 
the possibility of functional defects in parts on incoming 
products should also be incorporated in operating and 
balancing a disassembly line. 

3.4.3.2 Quantity of Parts in Incoming Products 

Another complication is related to the quantity of parts in the incom- 
ing products. Due to upgrading, downgrading, or cannibalization of 
the product during its useful life, the number of parts in the product 
may not match with its original configuration. The actual number of 
parts may be more or less than expected when the product is received. 
The following should be considered: 

• The demanded part of the product may be absent or its 
quantity may be less than expected. This may require a pro- 
vision in the calculation to ensure that the demand for the 
missing part is met. Another approach would be to carry 
out a preliminary evaluation of the product to make sure 
that all the parts of interest exist in the product before it is 
pushed down the disassembly line. This evaluation may be 
used to determine the route of the product on the disassem- 
bly line. 

• The number of demanded parts may be more than expected. 
One example would be that of a PC disassembly line. Assume 
that there is a demand for the memory modules of old PCs. 
Further assume that PCs being disassembled were originally 
configured to have one memory module. However, if the 
owner of the PC upgraded the computer's memory using 
another module, two memory modules would be retrieved as 
a result of the disassembly of the PC, which is more than 
expected. This situation would affect the memory demand 
constraints and the workstation time (since, using this 
example, the disassembly of two memory modules could be 
expected to take longer than the removal of just one). 
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3.4.4 Operational Considerations 

3.4.4.1 Variability of Disassembly Task Times 

Similar to the assembly-line case, the disassembly task times may vary 
depending on several factors that are related to the condition of the 
product and the state of the disassembly workstation (or worker). Task 
times may be considered as deterministic, stochastic, or dynamic 
(dynamic task times are possible due to learning effects, which allow for 
a systematic reduction in disassembly times). For example, in their case- 
based reasoning approach, Zeid et al. (1997) demonstrated that the dis- 
assembly of products can be assisted by the reuse of solutions to similar 
problems encountered in the past, thus reducing disassembly times. 

3.4.4.2 Early Leaving Work-Pieces 

If one or more, but not all tasks of a work-piece that has been assigned 
to the current workstation cannot be completed due to some defect, 
the work-piece could leave the workstation early. This phenomenon 
is termed as the early leaving work-piece. 

Due to an early leaving work-piece, the workstation experiences 
an unscheduled idle time. Note that the cost of unscheduled idle time 
is high because, even though the demand for parts associated with 
failed tasks is unfulfilled, the disassembly cost of failed tasks has 
been incurred. For example, assume that disassembly of the hard disk 
and the media drive of a PC is carried out at workstation 1. After the 
removal of the hard disk, if the holding screws of the media drive are 
stuck or damaged, it may not be possible to remove the media drive. 
Therefore, the work-piece (the PC being disassembled) can leave 
workstation 1 early. When this happens, workstation 1 remains idle 
for the duration of the normal disassembly time of media drive. 

3.4.4.3 Self-Skipping Work-Pieces 

If all of the tasks of a work-piece that have been assigned to the current 
workstation are not performed due to some defect they posses and /or 
precedence relationships, the work-piece leaves the workstation early 
without being worked on. This is known as a self-skipping work-piece. 

Consider the example of the PC as given earlier. Assume that the 
disassembly of the hard disk must be carried out before the disas- 
sembly of the media drive. If the hard disk of the PC cannot be 
removed because its holding screws are damaged, neither of the 
tasks assigned to workstation 1 (disassembly of the hard disk and of 
the media drive) can be performed. Therefore, the work-piece can 
leave the workstation without being worked on; in other words, it 
self -skips workstation 1. 

3.4.4.4 Skipping Work-Pieces 

At workstation j, if one or more defective tasks of a work-piece 
directly or indirectly precede all the tasks of workstation; + 1 (i.e., the 
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workstation immediately succeeding workstation ;'), the work-piece 
skips workstation j + 1 and moves on to workstation j + 2. This is 
known as a skipping work-piece. 

A work-piece can skip one workstation, two workstations, and so 
on. In addition to unscheduled idle time, both the self-skipping work- 
piece and the skipping work-piece contribute added complexities in 
material handling (e.g., how to transfer the out-of-turn work-piece to 
the downstream workstation) and the status of the downstream 
workstation (e.g., it may be busy working on other work-pieces and 
therefore may require some sort of buffer allocation procedure to 
hold the skipped work-piece until the machine becomes available). 
Using the PC example, assume that the disassembly of the media 
drive precedes the removal of the memory modules and that these 
tasks are scheduled to be carried out at workstation 2. If the media 
drive cannot be removed at workstation 1 due to its damaged hold- 
ing screws, the work-piece leaves workstation 1 early and may need 
to skip workstation 2 because neither the memory modules nor the 
sound card can be removed from the work-piece due to precedence 
constraints. In this case, workstation 2 remains idle for the duration 
of its originally scheduled tasks; the removal of the memory modules 
and the sound card in this example. 

3.4.4.5 Disappearing Work-Pieces 

If a defective task disables the completion of all the remaining tasks 
on a work-piece, the work-piece may simply be taken off the disas- 
sembly line before it reaches any downstream workstation. In other 
words, the work-piece effectively disappears, which is referred to as 
a disappearing work-piece. 

A disappearing work-piece may result in starvation of subsequent 
workstations leading to a higher overall idle time, highly undesirable in 
a disassembly line. It is, in a way, a special case of a skipping work-piece 
where the work-piece skips all succeeding workstations. The conse- 
quences of the disappearing work-piece are similar to those of the skip- 
ping work-piece, but to a greater extent. For example, assume that the 
removal of the PC cover is carried out at workstation 1 in addition to 
the removal of hard disk and the media drive. If the top cover cannot 
be removed due to damage, the PC can be taken off the line since none 
of the parts inside the PC can be reached. In a way, it disappears and the 
idle times propagate throughout the remaining workstations. 

3.4.4.6 Revisiting Work-Pieces 

A work-piece currently at workstation / may revisit a preceding work- 
station (j - p), where (j - p) > 1 and p > 1 and integer, to perform task 
x if the completion of current task y enables work on task x which was 
originally assigned to workstation (;' - p) and was, however, disabled 
due to the failure of another preceding task. These are termed revisit- 
ing work-pieces. 
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A revisiting work-piece results in the overloading one of the pre- 
vious workstations. As a consequence, it may lead to complications 
in the material-handling system because of reverse flow, decoupling 
from the revisited workstation, or introduction of a buffer to hold the 
revisiting work-piece until the workstation becomes available. This 
would obviously have a financial impact as well. 

As an example of a revisiting work-piece, assume that at worksta- 
tion 1 the hard disk and the media drive are removed, at workstation 2 
the memory modules and the sound card are removed, and at work- 
station 3 the power supply of the PC is removed. Also assume that 
memory modules can be removed after the removal of either the 
media drive or the power supply. Further assume that disassembly of 
the media drive precedes the removal of the sound card. If the media 
drive cannot be removed due to preexisting damage, the PC skips 
workstation 2 and goes to workstation 3 where the power supply is 
removed. Since the power supply has been taken out of the PC, the 
memory modules can be removed. Thus, the PC is sent back to the 
workstation 2 for disassembly of the memory modules. Complicated 
revisiting work-pieces that could make the material handling and 
flow control more difficult may simply exit the line. 

3.4.4.7 Exploding Work-Pieces 

A work-piece may split into two or more work-pieces (subassemblies) 
as it moves on the disassembly line. Each of these subassemblies acts 
as an individual work-piece on the disassembly line. This phenome- 
non is known as exploding work-pieces. 

An exploding work-piece complicates the flow mechanism of the 
disassembly line; however, it can be planned for in advance since it is 
known which part's removal would result in the exploding work- 
piece. In a disassembly line, a complication occurs when the part that 
would normally result in an exploding work-piece cannot be removed 
due to some defect. 

3.4.5 Demand Considerations 

Demand is one of the most crucial issues in disassembly-line design 
and optimization since it is desirable to maximize the utilization of 
the disassembly line while meeting the demand for parts in associ- 
ated planning periods. In disassembly, the following demand scenar- 
ios are possible: demand for one part only, demand for multiple parts, 
and demand for all parts. 

Parts with physical or functional defects may influence the per- 
formance of the disassembly line. If part x is not demanded and it 
directly or indirectly precedes a demanded part y, then part x must 
be disassembled before the removal of part y. (Note that when part a 
precedes part b, which precedes part c, then part a is said to be a 
direct precedent of part b and an indirect precedent of part c.) Removal 
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of part x may require additional time due to the presence of a defect. 
This may cause the processing time to exceed the cycle time, which 
could result in the starvation of subsequent workstations and blockage 
at these previous workstations. Placing buffers at the workstations 
may be necessary to avoid starvation, blockage, and incomplete 
disassembly. 

If part x has a demand, then the various types of demand affect 
the number of products to be disassembled, and eventually the disas- 
sembly line's balance. There are three types of demand. 

In the first type, the demand source may accept part x as is. This 
is possible, for example, when part x is demanded for its material 
content (in which case the defect in a part may not be important). 

In the second type of demand, the demand source may not accept 
parts with any type of defect. This occurs when a part is used as is 
(e.g., in remanufacturing or in the repair of other products). Thus, if a 
demanded part has a defect, its disassembly does not satisfy the 
requirement. Since an objective of a disassembly line may be to meet 
the demand, the objective function and demand constraints must 
cope with this type of complication. If the part has this second type of 
demand and it does not directly or indirectly precede another 
demanded part, the disassembly of the part is redundant. This can 
have an effect on the efficiency of the disassembly line since the work- 
station responsible for removing the defective part will remain idle 
for an extended time. 

In the third type of demand, the demand source may accept cer- 
tain defective parts depending on the seriousness of the defect. This 
type of demand may be received from a refurbishing environment 
where the parts undergo several correction processes (e.g., cleaning 
and repair) before reuse. This type of demand introduces a further 
complication: the requirement for some sort of tracing mechanism to 
identify the type of defect and the associated demand constraint(s). 

3.4.6 Assignment Considerations 

In addition to precedence relationships, several other restrictions 
limit the assignment of tasks to workstations. While similar restric- 
tions are also present in assembly lines, the following are some restric- 
tions related specifically to disassembly. 

Certain tasks must be grouped and assigned to a specific work- 
station (e.g., if the removed parts are to be sorted and packaged 
together for shipment to the demand source). Thus, assigning the dis- 
assembly of these components (parts or joining elements) to the same 
workstation minimizes the distance that the components travel in the 
disassembly system. Moreover, the tasks requiring similar operating 
conditions (e.g., temperature and lighting) can be restricted to certain 
workstations as well. 
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The availability of special machining and tooling at certain work- 
stations or at a limited number of workstations may necessitate the 
assignment of certain tasks to these workstations. For example, disas- 
sembly of hazardous parts may be assigned to highly specialized 
workstations in order to minimize the possibility of contamination of 
the rest of the system. Similarly, the skills of human workers can be a 
factor in the task-assignment restrictions. 

Tasks may be assigned to workstations so that the amount of 
repositioning of the work-pieces on the disassembly line (e.g., the 
product orientation changes) is minimized. Similarly, tasks may need 
to be assigned in order to minimize the number of tool changes in the 
disassembly process. 

3.4.7 Other Considerations 

There are additional uncertainty factors associated with the reliability 
of the workstations themselves. Some parts may cause pollution or 
nuisance due to the nature of their contents (e.g., oil and fuel), which 
may increase the chance of breakdowns or workstation downtime. 
Furthermore, hazardous parts may require special handling, which 
can also influence the utilization of the workstations. 
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4.1 Introduction 

This chapter presents a survey of the literature related to the issues 
considered in this text. As this book focuses on the processing of 
end-of-life products on a disassembly line, in obtaining perspective 
on this, the chapter is organized as follows: Section 4.2 presents an 
overview of the literature addressing environmental concerns and 
environmentally conscious manufacturing. Section 4.3 reviews work 
that has been done on the issues associated with assembly-line bal- 
ancing as well as with manufacturing systems in general. The next two 
sections provide a background on a great deal of the quantitative efforts 
that are covered in this book, including the mathematical aspects of dis- 
assembly and coverage of optimization concepts and methodologies. 
Specifically, Sec. 4.4 discusses the variety of approaches that have been 
taken to date to solve disassembly-related problems, and Sec. 4.5 
focuses on the technical aspects needed to conduct the efforts in this 
book: from discrete mathematics to complexity theory to the design 
and history of various algorithmic approaches. 



4.2 Environmentally Conscious Manufacturing and 
Product Recovery 

With the U.S. Environmental Protection Agency estimating that 
4 million tons of electronic waste was dumped in landfills in 2000, the 
U.S. National Safety Council estimating that by 2007 approximately 
500 million personal computers will have been scrapped, while less 
than 10 percent of electronic waste was recycled in 2000, environmen- 
tally conscious manufacturing and product recovery are relevant and 
timely. Gualtieri (2005) provides these and other facts in a concise 
overview of end-of-life issues and environmental consequences. 
Included in this is the observation that Japan requires personal 
computer manufacturers to accept machines back at their end-of- 
life and Germany requires equipment manufacturers to recycle their 
products when returned by consumers. This is now the case for all 
European Union (EU) members with the implementation of the 
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EU's Proposal for a Directive on Waste Electrical and Electronic Equip- 
ment (WEEE). Once these products are collected, they fall under the 
area of product recovery. 

Many papers have discussed the different aspects of product 
recovery. Gungor and Gupta (1999c) provide a especially thorough 
review of environmentally conscious manufacturing and product 
recovery. This significant paper (thoroughly updated by Ilgin and 
Gupta, 2010) is a survey of the available literature on the newly 
emerged research area of environmentally conscious manufacturing 
and product recovery (ECMPRO). ECMPRO is enforced primarily by 
governmental regulations and by customer perspective on envi- 
ronmental issues due to the perceived escalating deterioration of 
the environment (e.g., diminishing raw material resources, over- 
flowing waste sites, and increasing levels of pollution). ECMPRO 
involves integrating environmental thinking into new-product 
development, including design, material selection, manufacturing 
processes, and delivery of the product to the consumers, plus its 
end-of-life management. Diverse problems include: product life 
cycle, disassembly, material recovery, remanufacturing, and pollu- 
tion prevention. This survey presents the development of research in 
ECMPRO and provides a state-of-the-art survey of published work. 
Brennan et al. (1994) provide a similarly detailed study involving 
planning issues in the assembly and disassembly environments. 

Toffel (2002) focuses on academic research performed in the area 
of product recovery. This paper primarily considers the management 
literature and proposes some areas for further research. Details 
include coverage not just of WEEE, but of the EU's Directive on End- 
of-Life Vehicles as well, which requires automakers to reuse or recycle 
85 percent of an automobile's weight in 2006 and 95 percent by 2015, 
along with setting aside funds to process cars built before 2002 (cars 
built after this date include an end-of-life processing tax). 

Sodhi and Reimer (2001) present a variety of mathematical mod- 
els for addressing the reverse supply chain for electronic components. 
Useful to any reverse supply chain researcher, Sodhi and Reimer pro- 
vide a detailed breakdown of the typical material composition of 
electronic scrap as well as a table with 1999 values for 11 of the 
principle materials having some economic value that are found in 
electronic components. The authors conclude that 1 ton of electronic 
waste could yield up to $9193.46 if sold at 1999 market prices, provid- 
ing economic impetus for further research. 

While many of the papers in the literature consider electronic 
components at their end-of-life, Schultmann and Rentz (2001) pro- 
vide a novel case study of the environmentally conscious disassem- 
bly and recycling of buildings. Along with the case study, they were 
also able to show that their methodology had both environmental 
and economic benefits. In a separate but related paper, Bader (2004) 
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considers the growth in construction and demolition debris due to an 
increase in building and provides an overview of the specialized 
recycling equipment (e.g., one contemporary large shredder is 
equipped with a 20,000-lb rotor holding forty-two 95-lb hammers 
and is capable of generating 250,000 ft-lb of torque) and processes 
being used, which are significantly different than those in, for exam- 
ple, electronic product recycling. 

Kotera and Sato (1997) propose an automated disassembly 
and recycling process for home electronic appliances (refrigerators, 
central air conditioners, window air conditioners, washing 
machines, and televisions). This is another paper that provided 
detailed case-study data about the products considered and their 
material breakdown, including valuable parts and materials, and 
hazardous materials. 



Assembly-Line Balancing and 
Manufacturing Systems 

A major part of manufacturing and assembly operations, the assembly 
line is a production line where material moves continuously at a 
uniform rate through a sequence of workstations where assembly 
work is performed. With research papers going back to the 1950s, the 
ASSEMBLY LINE BALANCING problem is well defined and fairly 
well understood. While having significant differences from assembly-line 
balancing, the recent development of the DISASSEMBLY LINE 
BALANCING PROBLEM (DLBP) requires that related problems be 
fully investigated and understood in order to better define the DLBP 
and to obtain guidance in the search for appropriate methodologies 
to solve it. 

Elsayed and Boucher (1994) include an overview of assembly-line 
balancing in their text. They provide a description of the problem, 
definitions of the simple assembly-line balancing type I (SALB-I) and 
simple assembly-line balancing type II (SALB-II) models, and heuristics 
including: Kilbridge-Wester (assign numbers to each task depending 
on number of predecessors; low-number tasks are assigned to work- 
stations first), Moodie-Young (two phase; first assign tasks with no 
predecessors to workstations in order of declining time value and 
repeat for all tasks as more predecessors are completed, then redis- 
tribute idle time equally to all workstations), Helgenson-Birnie 
(assign tasks to workstations based on highest positional weight, i.e., 
time of the longest path from the task through the remainder of the 
precedence network), immediate update first fit (use one of eight score 
functions from the literature, place the task with the highest score at 
the first workstation where capacity and precedence constraints will 
not be violated, update tasks, and repeat), and rank-and-assign (similar 
to immediate update first fit but tasks are placed solely on score). 
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Pinedo (2002) provides a thorough overview of scheduling the- 
ory, algorithms, and systems, with the first third of the text dealing 
primarily with deterministic problems in scheduling and covering 
both the theoretical and applied aspects. Scholl (1995) visits the bal- 
ancing and sequencing of assembly lines. 

Gutjahr and Nemhauser (1964) were the first to describe a 
solution to the ASSEMBLY LINE BALANCING problem with an 
algorithm developed to minimize the delay times at each workstation. 
The heuristic accounts for precedence relationships and seeks to find 
the shortest path through a network with the resulting technique 
being similar to dynamic programming. 

Erel and Gokcen (1999) develop a modified version of Gutjahr 
and Nemhauser 's line-balancing problem algorithm by allowing for 
mixed-model lines (assembly lines used to assemble different models 
of the same product) by allowing multiple state times and then, dur- 
ing construction of the solution network, considering all state times 
before categorizing a given set of completed tasks to a workstation. 

Suresh et al. (1996) were the first to present a genetic algorithm to 
provide a near-optimal solution to the ASSEMBLY LINE BALANC- 
ING problem. The genetic algorithm was designed to minimize idle 
times and minimize the probability of line stoppage; that is, minimize 
the probability that the station time exceeds the cycle time. 

Silverman and Carter (2003) compare the relative effectiveness of 
two station-loading rules (the "probability rule" and the "percent 
rule") in assembly-line design when considering high and low task- 
time variability, high and low costs when the cycle time is exceeded, 
and using task instances of n = 45 and n = 70. They also consider two 
methods of introducing slack time for the case where the cycle time is 
exceeded. 

Tabu search is used in balancing assembly lines in Lapierre et al. 
(2006) using SALB-I with instances from the literature (Arcus 1 and 2) 
and a case study from industry (a home appliance manufacturer with 
a product having 162 tasks and 264 precedence constraints). 

Hackman et al. (1989) propose a branch-and-bound heuristic for the 
SALB-I problem. Ponnambalam et al. (1999) compare line-balancing 
heuristics with a quantitative evaluation of six assembly-line-balancing 
techniques where the evaluation criteria is the number of worksta- 
tions, line efficiency, smoothness index, and runtime using 20 
instances. 

Thilakawardana et al. (2003a) propose a line-balancing algorithm 
based on forward-loading theory (a stochastic version of the Hoffman 
precedence matrix approach). Based on this work, a front-loading 
genetic algorithm for SALB-I was then developed (Thilakawardana 
et al., 2003b). 

Simulated annealing is the approach to SALB-I used by Hong and 
Cho (1997). Case studies for the process include an electrical relay 
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and an automobile alternator. McMullen and Frazier (1998) use 
simulated annealing for solving a multiobjective, parallel worksta- 
tion version of SALB-I. 

Lapierre and Ruiz (2004) present a case study of an appliance 
instance with 248 tasks, 400 precedence constraints, and 4 task attri- 
butes for balancing a two-sided assembly line that also had two 
heights. The case study is programmed in database software and 
solved using an enhanced priority-based heuristic. The study is use- 
ful as both an actual application and in demonstrating how the use of 
logic and randomness in the algorithm enables the heuristic to find 
good solutions. 

While the work in this book primarily makes use of deterministic 
part removal times, on an actual disassembly (or assembly) line, these 
times could be stochastic. However, the work-sampling operations 
required to define the standard deviation of stochastic task times on 
an assembly line can be time consuming (Tiacci et al., 2003). Tiacci et 
al. (2003) study the significance of the task times' standard deviation 
on the performance of the system model in order to determine if it is 
worth collecting enough data to calculate the standard deviation. 
They then propose a methodology for performing assembly-line bal- 
ancing with a reduced set of data. This is done using the means of the 
stochastic task times as inputs alone, that is, without their standard 
deviation. An application of the methodology to a case study of a 
trailer assembly line having 53 tasks and a cycle time of 240 minutes 
is then considered. 

Bautista and Pereira (2002) use ant colony optimization to solve 
the ASSEMBLY LINE BALANCING problem and compared these to 
their hill-climbing heuristics. Their research uses a greedy heuristic, 
similar to immediate update first fit, for the ASSEMBLY LINE BAL- 
ANCING problem to be used in comparison to a developed ant 
algorithm. It also demonstrates two novel hill-climbing local search 
techniques. McMullen and Tarasewich (2003) also use ant colony 
optimization to solve the ASSEMBLY LINE BALANCING problem. 
The paper gives an excellent and concise explanation of the ant col- 
ony optimization metaheuristic. The authors interestingly make use 
of parallel workstations, stochastic task durations, and mixed-models; 
however, the ant colony optimization metaheuristic is given an 
extremely long time to solve the instances, including 50 hours each 
for instance sizes of n = 29, n = 40, n = 45, and n = 74. 

Moore and Gupta (1996) provide an in-depth survey of the state-of- 
the-art and the work to date on the use of Petri nets (a graphical and 
mathematical modeling technique developed in the 1960s to model 
concurrent computer system operations) for representing flexible 
and automated manufacturing systems. Areas covered in the paper 
include: flow shops, automatic transfer lines, job shops, flexible 
manufacturing systems, and assembly, as well as qualitative and 
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quantitative analysis. Bukchin and Tzur (2000) consider the design 
of flexible assembly lines for the purpose of minimizing equipment 
costs. They formulate the problem of selecting equipment and 
assigning tasks to workstations with the objective of minimizing 
total equipment costs, given some fixed cycle time as an integer pro- 
gramming model. They then generate lower bounds on this model 
and apply branch-and-bound before developing their own problem- 
specific heuristic algorithm. 

Boysen et al. (2008) provide guidance on selection of assembly-line 
balancing models for different situations. They provide a proposed 
notation to identify the type of line with characteristics that include 
number of models (single, mixed, or multiple), line control (paced, 
unpaced asynchronous, or unpaced synchronous), frequency (new 
installation or reconfiguration), automation (manual or automated), 
and industry (automobile or all other). 



4.4 Disassembly and Remanufacturing 

The disassembly-line problems under consideration in this book 
require a study of the available literature on remanufacturing in 
general and on disassembly specifically. 

Lambert (2003) provides a survey of the available literature on 
disassembly sequencing, that is, the search for all possible disassembly 
sequences and selection of the optimum solution out of these (com- 
monly used in assembly analysis, maintenance, and in-processing of 
end-of-life products). The author relates that in each application a 
slightly different approach is used including level of detail, degrees 
of freedom, and the role of uncertainty. The author covers the cur- 
rent state-of-the art at both a high-level (part level) and low-level 
(process level, including logistics) of detail. 

Lee et al. (2001) present a survey of the available literature on 
planning and scheduling problems in disassembly systems. Disassem- 
bly planning includes product representation, disassembly sequencing 
with disassembly level and end-of-life options, and related product 
design/redesign issues. Disassembly scheduling is the problem of 
determining the order quantity of the used product to fulfill the 
demand of disassembled parts and subassemblies. This paper pres- 
ents a review of the state-of-the-art and suggests further research 
directions including (a) algorithms to generate all feasible disassem- 
bly sequences, (b) methods to treat uncertainty in estimating recovery 
values, product states, and disassembly operations, and (c) disassembly 
scheduling models to consider system capacity and uncertainty. In 
particular, the integration of disassembly planning and scheduling 
problems is suggested as a fundamental research direction to develop 
an integrated framework to solve operational problems in disassembly 
systems. 
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Gupta and Taleb (1994) have written what is considered the 
founding document in the science of disassembly planning and 
scheduling. It presents an algorithm for scheduling the disassem- 
bly of a product made up of subassemblies and parts. Although it 
is similar to material requirements planning (MRP) in concept and in 
the structure of the information, it is not the reverse of MRP pri- 
marily because there exist multiple demand sources in the case of 
disassembly as opposed to a single demand source in the case of 
assembly. Taleb et al. (1997) then present a follow-up paper where 
the issue of parts and materials commonality when scheduling 
disassembly is addressed. Commonality introduces additional 
complexity by creating alternative procurement sources for the 
common-component items. Since a certain part can now have more 
than one parent, it can be procured by dismantling any of its par- 
ents and, therefore, there is a decision to be made. It is also desired 
to determine the procurement strategy that fulfills all of the demand 
while minimizing the ordering of the root item. It is preferred to 
keep the demand and inventory levels in a certain proportion at 
the beginning of each period so the net requirements will be in the 
chosen proportion when proceeding from one level to the next in 
the product structure. Therefore, the modules are no longer inde- 
pendent and cannot be processed separately for all time periods 
but rather are processed in parallel, proceeding from the highest 
level to the root level. Since the on-hand inventory account is now 
shared by all the items that represent the same part, the process 
cannot go into the next period without considering the inventories 
of all other common items for that period, so an inventory update 
has to be performed at every time period for all subassemblies at a 
certain level before moving to the next period. Also, since division 
is used in proceeding from one level to the next, the resulting frac- 
tions are rounded up to ensure the quantity needed of that item 
(in assembly this problem is not present due to the use of multi- 
plication of integers). 

Tang et al. (2001b) focus on demanufacturing from a systems 
perspective since the allocation of resources in a demanufacturing 
system is seen as being so critical to efficient operations. The authors 
presented a disassembly planning and demanufacturing scheduling 
method for an integrated, flexible demanufacturing system having 
the ability to account for the high uncertainty expected to be found in 
demanufactured products' structures and components and the fact 
that the disassembly termination goals are not necessarily fixed. The 
system is modeled using workstation, product, and scheduling Petri 
nets. The algorithms provide for scheduling and disassembly plan- 
ning. The model and algorithms are demonstrated using personal 
computers as the product to be demanufactured. Tang et al. (2001a) 
also present an algorithm to facilitate disassembly-line design and 
optimization. 
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Moore et al. (2001) present a Petri-net-based approach to auto- 
matically generate disassembly process plans from the disassembly 
precedence matrix (see Sec. 8.8), which is automatically generated 
from computer-aided design (CAD) drawings of the product using 
a specialized algorithm. Zussman and Zhou (1999, 2000) and 
develop disassembly Petri nets for the design and implementation 
of adaptive disassembly systems. Zha and Lim (2000) integrate 
expert systems and ordinary Petri nets to develop an expert Petri 
net model for disassembly planning. Rai et al. (2002) develop a 
Petri-net-based heuristic approach for disassembly sequence gen- 
eration. Kumar et al. (2003) and Singh et al. (2003) deal with the 
complexity of Petri nets by proposing a stochastic Petri net that con- 
sists of a knowledge base, graphic characteristics, and artificial 
intelligence. Gao et al. (2004) propose a fuzzy reasoning Petri net to 
deal with the uncertainty associated with the disassembly process. 
Tang et al. (2006) consider the uncertainty associated with human fac- 
tors in disassembly planning and propose a fuzzy-attributed Petri net 
to deal with this uncertainty. Grochowski and Tang (2009) integrate a 
disassembly Petri net and a hybrid Bayesian network to develop an 
expert system capable of determining the optimal disassembly action 
without human assistance. 

Tiwari et al. (2001) develop a cost-based methodology to deter- 
mine the disassembly process for a particular product to maximize 
profits by using a Petri net model. In the model, one component at a 
time is removed from a product in a downward cascading Petri net 
graph. Each removed component can be sent to one of five buffers: 
servicing (restored for reuse), disassembly (nondestructive extraction 
of desired and hazardous components), dismantling (destructive 
materials separation prior to recycling), recycling (reuse of materials), 
or dumping (costs only, no revenues generated). Using product data, 
five indices (servicing, disassembly, dismantling, recycling, and 
dumping) for each component are calculated. The largest positive 
index for each component is selected and then the Petri net represen- 
tation is updated appropriately (i.e., with the selection of the single 
destination for each removed component) providing the disassembly 
sequence for a given product. 

Kongar and Gupta (2002a) present a genetic algorithm to provide 
a near-optimal solution to the multicriteria disassembly sequence plan 
problem. Solution fitness was calculated based on three criteria: part 
demand, directional change, and disassembly method change. The top 
four parents were kept along with all of the children to make up the 
next generation. The process was repeated for 100 generations or less 
than a 1.0005 average fitness difference between generations, which- 
ever came first. 

Das and Naik (2002) propose a disassembly bill of materials to be 
provided by manufacturers to enable the recycler to determine an 
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efficient disassembly sequence for a product at its end of life. The 
authors also provide a model, with an example, for calculating the 
percent return after disassembly to determine if disassembly is worth 
performing on a particular item (when the percent return is negative, 
disassembly is a money-losing proposition; when positive, the ratio 
gives the disassembly-return-on-investment). The most valuable por- 
tions of this paper may be insights into the disassembly process pro- 
vided by the authors as a result of their interaction with disassembly 
workers, along with the well-thought-out and detailed classification 
and quantification of disassembly processes and their associated lev- 
els of effort. 

Giingor and Gupta (2001b) present a technique for automatically 
generating a disassembly sequence plan from a CAD file. The disas- 
sembly precedence matrix contains all zeros except where the row-part 
precedes removal of the column-part (in that case the direction of 
blocking is entered in the element; if blocked in more than one direc- 
tion, 1 is entered). Various penalty factors are assigned (in this case: 
tool change, direction change, and hazardous material content) along 
with two growth factors (the tree analysis depth size and the number 
of nodes to be selected at each analysis depth). 

Giingor and Gupta (2001a) present an algorithm for solving the 
DISASSEMBLY LINE BALANCING PROBLEM in the presence of 
failures with the goal of assigning tasks to workstations in a way that 
probabilistically minimizes the cost of defective parts. This is done 
by first finding all task assignments that minimize the number of 
workstations for a given cycle time, then comparing them to find the 
set with the lowest likelihood of complications due to failure. Ini- 
tially, the incomplete state network is generated from the disassem- 
bly precedence matrix and the cycle time, and then the state network 
is generated in a fashion similar to that of Gutjahr and Nemhauser 
(1964). A weighted state network is developed with edges weighted 
by the idle times. The shortest directed path of the network is deter- 
mined using Dijkstra's shortest path algorithm. The cost of each of 
the shortest directed paths is calculated based on known costs and 
given probabilities of failure (penalizing for high costs and/ or prob- 
abilities associated with leaving the workstation early, skipping the 
next workstation, self-skipping the workstation, and/ or disappear- 
ing) with the lowest-cost, shortest, directed path being selected as 
the near-optimum solution. 

Giingor and Gupta (2002) provide a first description of disassembly 
lines and the unique complications associated with them (including 
AND, OR, and complex AND /OR precedence relationships). An 
algorithm is also developed that solves the general, paced DISAS- 
SEMBLY LINE BALANCING PROBLEM. The algorithm works as 
follows. Once the disassembly precedence matrix is generated, candi- 
date tasks (initially the components without any predecessors) are 
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ranked (by time-to-remove, demand, number of other parts blocked, 
hazardous material content, and direction the work-piece faces) and 
then put into the first workstation. This is performed until all of that 
workstation's cycle time is filled, and then the process is repeated on 
a second workstation for the remaining components, and so on. This 
process continues until all the components have been removed. 

Giingor and Gupta (1998) develop an algorithm that, after an 
initial disassembly sequence plan is generated, modifies the plan in 
real-time to deal with product uncertainty (defective, modified, or 
hazardous parts) that may render the initial plan infeasible or require 
destructive disassembly. A four-part flashlight is used as a model 
product. The disassembly sequence plan is generated based on a 
prior paper's technique and then disassembly is carried out using the 
new plan until an unexpected situation arises. In that situation, the 
sequence is modified using a reordering algorithm and the process 
continues. In the example given, the optimum disassembly sequence 
plan of (cap, battery receptacle, handle) becomes (handle, battery, 
receptacle, cap) due to the damaged cap-to-receptacle joint that dis- 
ables the unscrewing of one from the other. 

Giingor and Gupta (1997) use time-to-disassemble (the sum of 
the individual component removal times with penalties assigned for 
changes in removal direction and changes in removal tool type) as 
the performance evaluation criteria to compare disassembly paths. A 
heuristic algorithm is developed to determine the highest perfor- 
mance, feasible disassembly sequence. A numerical value is assigned 
to each subassembly to be removed (with a higher number indicating 
that the subassembly is more difficult to remove), as is a direction of 
disassembly reference (plus or minus x, y, or z), a list of predecessor 
subassemblies, and a list of joint types. Each subassembly is then 
placed into a list based upon how many different joints restrain it. 
The lists are ranked from least number of joints to most, and inter- 
nally from lowest difficulty in removal to highest. Items are removed 
using these lists, precedence allowing. From this, a feasible near-optimal 
disassembly sequence is generated. 

Lambert (1999) develops a method for optimally solving gen- 
eral disassembly sequence generation problems using linear pro- 
gramming. It is based upon earlier research on optimal disassembly 
sequence generation, specifically graphical search methods. The tech- 
nique is expanded to solve the combined disassembly /clustering 
problem (clustering is the combining of different disassembled prod- 
ucts into desirable categories, e.g., steel parts). A product is first 
graphically represented as a disassembly graph (frequently used in 
assembly /disassembly, this is a graph that proceeds from left — the 
initial product — to right — each of the individual components — depicting 
all feasible disassembly paths). This graphical information is then listed in 
a transition matrix that depicts all disassembly actions in the columns 



Related Research 



and all feasible subassemblies (from the initial product to the indi- 
vidual components and all subassemblies in between) as rows; all 
entries are zero except those created by an action (1) and those 
destroyed by an action (-1). The transition matrix is then used to select 
the equivalent feasible revenues and costs for each action/ subassembly 
combination. The objective function seeks to maximize revenue and 
minimize cost. The problem is then modeled using linear program- 
ming and solved to optimality. Clustering is demonstrated through 
a modification where no further disassembly is performed once a 
given subassembly is composed of components consisting of a single 
material. 

O'Shea et al. (1999) demonstrates an application of dynamic pro- 
gramming to disassembly. In this paper, a method is described for 
selecting automatic tools to be procured for use in the disassembly of 
a product component, specifically a commercial washing machine 
valve. The method uses a graphical representation (cluster graph) to 
symbolize the product in order to allow for the simple identification 
of the relationships between parts in the product. The graphical 
model is then converted into a dynamic programming model that 
includes cost data. The solution of the dynamic programming model 
provides an optimum determination of the tools that should be 
employed. Using a different approach, Torres et al. (2004) reports a 
study for nondestructive automatic disassembly of personal computers. 
Duta et al. (2002) presents some methods for modeling automated 
disassembly. 

Kongar and Gupta (2002b) present the first paper to use multicri- 
teria decision-making techniques — goal programming — to solve a 
disassembly-planning problem. A multicriteria optimization model 
of a disassembly-to-order system is developed to determine the best 
combination of each product type to be taken back at their end of life 
and then disassembled to meet the demand for its subcomponents 
and raw materials under a variety of physical, financial, and environ- 
mental constraints in order to achieve six preemptive goals. These 
goals include maximum total profit, maximum sales from materials, 
minimum number of disposed items, minimum number stored items, 
minimum cost of disposal, and minimum cost of preparation. When 
solved using goal programming, the model provides the number of 
reused, recycled, stored, and disposed items, as well as the values of 
various other performance measures. 

Lambert (2002) develops an algorithm to solve disassembly 
sequence generation optimally using mathematical programming. 
Starting with the assembly diagram of the finished product, a connec- 
tion diagram is created. Logical relations establishing precedence for 
each individual component are then formed. From this point on, the 
algorithm can be automated. Coherent subassemblies (i.e., touching 
parts) are generated from all connection diagram combinations. 



Disassembly Background 

Detachable subassemblies (i.e., subassemblies obtained through disas- 
sembly actions) are generated from the precedence relations. The 
intersection of the sets of coherent and detachable subassemblies 
provides a listing of feasible subassemblies. From this, feasible 
actions can be assigned (1 if a child subassembly is created, -1 if a 
parent subassembly is destroyed). A matrix can then be formed 
with these Is and -Is (all other entries 0). To obtain the optimal 
disassembly sequence, the action cost and subassembly revenue are 
used with the matrix to maximize the net revenue using linear pro- 
gramming (which includes a constraint designed to check each feasible 
action individually). This technique is applied first to simple exam- 
ples for demonstration and then to a more complex problem (an 
automatic transmission assembly frequently used in the literature). 
Finally, it is applied to electronic equipment having a hierarchical 
modular structure (a television). Since a good deal of the process 
can be fully automated, it is a significantly simpler and more 
importantly, less error-prone method of determining all feasible 
disassembly sequences. 

Veerakamolmal and Gupta (1998) present a quantitative mathe- 
matical programming model for product disassembly and recycling. 
The model aims to recover common components by computing the 
number of products to be disassembled in order to meet the demand 
while minimizing disassembly and disposal costs. A subsequent 
paper (Veerakamolmal and Gupta, 1999) proposes an index to ana- 
lyze the design efficiency of electronic products at their end of life. 
The design efficiency is measured using a design for disassembly index. 
The design for disassembly index uses a disassembly tree that relies 
on the product's structure. The disassembly tree can be used to iden- 
tify the precedence relationships that define the hierarchy of the 
product's structure (which in turn, represents the order in which 
components can be retrieved). The design for disassembly index can 
be used to analyze the merits and drawbacks of different product 
designs. The index offers designers a measure to help improve future 
products. A comprehensive procedure for developing the index is 
provided and demonstrated using an example. 

Lambert and Gupta (2002) build on the disassembly work by 
Veerakamolmal and Gupta (1998) with a comparison being made 
between different modeling methods for the disassembly of electronic 
appliances, with their typically modular design and hierarchical 
assembly /disassembly tree structure. Two traditional approaches are 
compared: disassembly graphs and component disassembly optimization 
(created by developing an inverse MRP). A new technique is then 
demonstrated which combines the advantages of both. 

With cellular telephone-replacement cycles averaging 18 months 
in Western Europe, more than 100 new models being introduced 
every year, and noting that 70 percent of phones recovered in the 
United States and the European Union are beyond economical reuse 
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(i.e., the remanufacturing costs are too high or the subsequent 
demand for the remanufactured product is too low), Franke et al. 
(2006) developed a remanufacturing plan for cellular telephones 
using a linear optimization model and discrete-event simulation. 

Kekre et al. (2003) develops a simulation-based line-configuration 
model for an actual remanufacturing line that collects reusable 
automobile component modules and refurbishes them for sale in 
the aftermarket. The objective is to minimize the number of work- 
stations and seek similar idle times between workstations. While 
the implementation of the improvements is of interest (simulation 
indicated throughput could be increased by 30 percent), the case- 
study portion of the paper should provide other researchers with 
a well-written overview of an actual remanufacturing process as 
well as some of the associated concerns and limitations. 

Additional disassembly studies can be found in Altekin (2005), 
Duta et al. (2005), Giingor and Gupta (1999a, 1999b), Gupta and 
Giingor (2001), Kongar et al. (2003), McGovern and Gupta (2005a, 
2006a, 2006c, 2006d, 2007a, 2007c, 2008a, 2008b, 2008c, in press), 
McGovern et al. (2004), and Prakash and Tiwari (2005). 



4.5 Optimization and Algorithms 

Key to addressing any engineering problem is to understand how 
complex or easy it is, what it shares with similar problems, and appro- 
priate methods to obtain reasonable solutions. For these reasons, a 
background in optimization and algorithms is helpful. 

Tovey (2002) provides a well-structured review of complexity, 
NP-hardness, NP-hardness proofs (including the concise style of 
Garey and Johnson), typical NP-hard problems, the techniques of 
specialization, forcing, padding, and gadgets, mathematical pro- 
gramming versus heuristics, and other complexity classifications. 

Rosen (1999) provides a useful text in the general area of discrete 
mathematics including set theory, logic, algorithms, graph theory, 
counting, set theory, and proofs. 

Lambert and Gupta's (2005) text reviews various aspects of disas- 
sembly. It reviews general and disassembly- or assembly-specific 
aspects of number theory, complexity, set theory, and graph theory. 
Product examples of varying complexity are presented and used 
effectively throughout the text to demonstrate techniques and limita- 
tions. The examples chosen are very appropriate and should prove 
helpful to any reader. In general, all terms are well defined and the 
mathematical notation used is appropriate and consistent throughout. 
The text provides detailed, valuable background for any quantitative 
study in disassembly. 

The work of Cormen et al. (2001) is a standard reference for 
algorithm design, development, and complexity evaluation while 
Miller and Freund (1985) provide an engineering-based approach to 



Disassembly Background 



probability and statistics. Papadimitriou and Steiglitz's (1998) work 
is the de facto text on combinatorial optimization as is Garey and 
Johnson's (1979) work in the area of NP-completeness. 

Holland (1975) is credited with developing the genetic algorithm. 
Koza's (1992) work deals with genetic programming but this text pro- 
vides a wealth of information relevant to genetic algorithms as well. 
One of the best known texts on genetic algorithms is by Goldberg 
(1989). 

Dorigo et al. (1996) were the first to describe ant colony optimi- 
zation. Dorigo et al. (1999) provide a summary and review of ant 
algorithms. 

Hybrids of genetic algorithms, simulated annealing, naive evolu- 
tion, and hill climbing with two different packing heuristics can be 
found in a paper by Hopper and Turton (2000). The various hybrids 
are applied to the TWO-DIMENSIONAL RECTANGULAR PACKING 
problem (a problem from the categories of cutting and packing), which 
is concerned with how to fit differently shaped objects into a container 
in a way that minimizes the open space. 

Osman and Laporte (1996) provide a remarkably well-researched 
paper on all forms of metaheuristics, the basic concepts of each, and 
references to applications. While this paper would appear to be some- 
what dated considering how recent many of these approaches are, it 
provides a massive reference of the work performed up to its publica- 
tion date and is well organized and very in-depth. A follow-on paper 
by Osman (2004) is more compact and also more current. Iori (2003) 
also provides an in-depth study and comparison of metaheuristics. 



CHAPTER 



Graphical 
Representations 
of Products to Be 
Disassembled 



5.1 Introduction 

This chapter reviews traditional graph-theory-based methodologies 
for depicting a product and its precedence relationships, and then 
demonstrates several slightly different treatments of vertices and arcs 
that address disassembly-specific data presentation requirements. 

This chapter is organized as follows: Section 5.2 reviews traditional 
product representations and provides a historical perspective to 
disassembly representations. Section 5.3 introduces task-based pre- 
cedence diagrams. Section 5.4 reviews disassembly constraints 
graphs, while Sec. 5.5 presents the electronics schematic/flowchart- 
type vertex and arc representation along with examples. Section 5.6 
discusses some other representation used. 

While often used interchangeably, for consistency and for ease of 
conceptualizing, where applicable and appropriate in this chapter 
and throughout the book, undirected graphs will consist of nodes and 
edges and directed graphs will consist of vertices and arcs. 



5.2 General Product Disassembly Representations 

The bulk of product disassembly representation methods (e.g., Fig. 5.1) 
are based on graph theory and rooted in product assembly represen- 
tations. While this information is found contained is a variety of 
literature sources, it is well summarized and detailed by Lambert 
and Gupta (2005), where they also include a historical perspective 
and worked examples. 
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Figure 5.1 Example of a disassembly representation. 



Some of these methods reviewed by Lambert and Gupta and dis- 
cussed in this section include a case study (referred to as "Bourjault's 
pen" or the ballpoint pen), Bourjault's assembly tree, connection 
diagrams, reduced disassembly trees, connection state diagrams, 
subassembly state diagrams, disassembly precedence graphs, and 
constrained connection diagrams. 



5.2.1 Product Case Study 

With the variety of methods used to graphically represent end-of-life 
products as part of their disassembly planning, a prototypical case 
study enables a demonstration of the methods. The case study used 
here is the pen example by Bourjault (1984). Bourjault's pen is a com- 
ponent of his Ph.D. dissertation research and has been used as the 
basis of various researchers' assembly and disassembly develop- 
ments. (While the original 1984 doctoral thesis was published in 
French, an English-language summary can be found in Bourjault, 
1987.) An early study of disassembly, most of the analysis in this 
study was driven by assembly. In assembly, as long as precedence 
constraints are not violated, there exist many degrees of freedom in 
the ordering of operations. As a result, many sequences may be pos- 
sible. In selecting a sequence, typically all feasible sequences are con- 
sidered. Unfortunately, if the investigation of all possible sequences is 
performed by starting at some initial part and then progressively 
adding parts in order to attain the final product, many of these poten- 
tial sequences will ultimately reach a point at which no further prog- 
ress can be made. This is due to blocking by a previously installed 
part and it results in an infeasible sequence. In addition, this blocking 
may not be recognized for some time due to the time-consuming pro- 
cess of building a sequence from a single part. This effect is readily 
demonstrated with the ballpoint pen used by Bourjault. 

The pen consists of six components: body (A), head (B), cartridge 
(C), ink (D), button (E), and cap (F); and five connections: 1 (body A to 
head B), 2 (button E to body A), 3 (head B to cartridge C), 4 (cartridge 
C to ink D), and 5 (cap F to body A) as seen in Fig. 5.2 and Fig. 5.3. 
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Figure 5.2 Cross section of Bourjault's ballpoint pen. 



E 




Figure 5.3 Connection diagram for Bourjault's ballpoint pen. 



5.2.2 Connection Diagrams 

A connection diagram is an undirected graph where the nodes repre- 
sent the parts and the edges represent the connections. The diagram 
indicates all of the connections between parts and represents all of the 
topological relationships (or topological constraints; there are also geo- 
metric constraints and technical constraints as detailed later in the 
chapter). Topological constraints consist of all connections including 
mating (i.e., physical contact only between two adjacent parts; in 
other words, where there is contact, but no connection or bond). Lam- 
bert and Gupta (2005) also describe the optional inclusion of virtual 
components (fasteners such as welds, glue, etc.) and quasi components 
(fasteners such as screws, or connectors such as straps, where the part 
or material is insignificant in terms of recovery value, disposal cost, 
etc.), neither of which are seen in the pen example (the connection 
diagram for which is depicted in Fig. 5.3). 

With the connection diagram example of Fig. 5.3, it can be seen 
that the part-ordering information is incomplete; it is not entirely 
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clear what parts are true predecessors of other parts and what all fea- 
sible sequences would be using Fig. 5.3. If a sequence is started by, for 
example, attaching E and B to A, it is clear that complete assembly 
will be obstructed because C and D can never be installed (see Fig. 5.2). 
Precedence constraints (i.e., an obstruction that prevents the removal 
of a part) are referred to as geometric constraints. 

To prevent the generation of these types of infeasible sequences, 
Bourjault proposed studying the disassembly process (his research con- 
sidered disassembly as simply the reverse of assembly). In addition, 
Bourjault made use of formal reasoning including: graph theory, set 
theory, and the formulation of logical relations. The application of for- 
mal reasoning was partially motivated by the presumed replacement of 
human labor by robots. An additional consideration was the desire for 
automation of the assembly planning and sequencing process. 

5.2.3 Assembly Trees, Reduced Disassembly Trees, 
Connection State Diagrams, and Subassembly 
State Diagrams 

The use of formal reasoning by Bourjault included his introduction of 
his assembly tree (graphe de choix directs in Bourjault's original paper). 
It is a directed graph (although arrows are not depicted) with the 
process starting from the top and proceeding downward. Each assem- 
bly sequence is represented in the tree by a linear subgraph. Vertices 
correspond with a connection state and arcs correspond with an 
assembly (and later on, disassembly) task. The assembly tree is dem- 
onstrated in Fig. 5.4 using the pen example. 

It can be seen from Fig. 5.4 that 12 assembly sequences are possi- 
ble using the pen case study. It is also noted that many subsequences 
in the tree appear repeatedly. For example, connection state 1-3 
(describing the subassembly consisting of connections 1 and 3) 
appears twice. The complete subtree that is associated with connection 
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Figure 5.4 Assembly tree for the ballpoint pen model. 
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Figure 5.5 Assembly tree logical AND example. 

state 1-3 therefore also appears twice. However, this feature can be 
exploited for use in significantly reducing the size of the tree. 

As the tree represents the construction of subassemblies rather 
than simply indicating precedence relationships, there could exist a 
need to demonstrate the mating of two subassemblies rather than sim- 
ply the addition of a single part to a subassembly. While, from top to 
bottom, each branch represents a logical OR (i.e., there are multiple, 
optional ways to build the product), a semicircle is often used to repre- 
sent a logical AND. In the example of Fig. 5.5, there are three ways 
(additional permutations are not allowed in order to simplify the 
example) to build the product (or subassembly) made up of parts 1, 2, 
3, and 4. These include: adding part 4 to subassembly 1-2-3 OR adding 
part 1 to subassembly 2-3-4 OR adding subassembly 1-2 AND subas- 
sembly 3-4 to each other (as indicated by the connecting semicircle). 

The disassembly tree proceeds from the finished product (at level 1) 
down to the individual parts. Again using the pen example, at level 1 
two results are possible: remove connection 2 or remove connection 5. 
This results in two branches. Continuing in this fashion, a disassem- 
bly tree is developed. The notation here is modified slightly from 
Bourjault's in accordance with that of Lambert and Gupta (2005). 
Specifically, the connection state (the empty state, which corresponds 
with the set of disjoint components) is included, and the connection 
states that are found to appear previously in the tree are encircled and 
investigated no further giving the reduced tree (Fig. 5.6a). Combining any 
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Figure 5.6 Disassembly of the ballpoint example using: (a) reduced tree diagram, 
(b) connection state diagram, and (c) subassembly state diagram. 
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Figure 5.7 Disassembly tree logical AND example. 

of the encircled multiple connection states results in the connection state 
diagram (Fig. 5.6b), which still contains the full information of the origi- 
nal version. This can also be depicted as a subassembly state diagram as 
seen in Fig. 5.6c and displaying all parts instead of connections. 

Similar to the case with the assembly tree, the disassembly tree 
represents the removal of parts from the final product, and then from 
the remaining subassemblies. While precedence relationships are 
inferred, this is not the main purpose of the tree representation. There 
could, however, be a requirement to show the breaking of the main 
subassembly into two, smaller subassemblies (as opposed to the 
removal of a single part). In the disassembly tree moving from top to 
bottom, each branch represents a logical OR (i.e., there are multiple, 
optional ways to disassemble the product), a semicircle can be used 
to represent a logical AND. In the example of Fig. 5.7, there are three 
ways (other permutations are not allowed in order to simplify the 
example) to disassemble the product (or subassembly) made up of 
parts 1, 2, 3, and 4. These include: remove part 4 from subassembly 
1-2-3 OR remove part 1 from subassembly 2-3-4 OR remove subas- 
sembly 1-2 AND subassembly 3-4 from each other (as indicated by 
the connecting semicircle). 

5.2.4 Disassembly Precedence Graphs 

Disassembly precedence graphs represent the ordering of parts accord- 
ing to their immediate predecessors, providing a visual representa- 
tion of precedence constraints and of possible feasible disassembly 
sequences. This is accomplished primarily through the use of directed 
arcs. These graphs are closely related to Bourjault's tree and include 
the product's parts and any tasks (e.g., inspection, cleaning, and test- 
ing, in addition to the disassembly tasks). Figure 5.8 demonstrates a 
typical layout, notation, shapes, and flows using the ballpoint pen 




Figure 5.8 Disassembly precedence graph of the ballpoint pen (also known 
as partial ordering). 
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example. The graph goes from left (the fully assembled end-of-life 
product) to right (the last part or parts for removal based upon prece- 
dence constraints). 

A logical OR is implied when more than one arc leaves a vertex 
(e.g., remove E OR F after the start in Fig. 5.8) while a logical AND is 
implied when more than one arc enters a vertex (e.g., remove D AND 
F before A in Fig. 5.8); however, some researchers choose to further 
label each of these relationships throughout a graph. In the example 
of Fig. 5.8, there are three possible part removal solution sequences: 
(E, D, F, A, B, C), (E, F, D, A, B, C), and (F, E, D, A, B, C). Finally, 
representing any of these three possibilities as the disassembly pre- 
cedence graph is often referred to as a totally ordered disassembly 
precedence graph, while the depiction in Fig. 5.8 is referred to as a 
partially ordered disassembly precedence graph. 

5.2.5 Constrained Connection Diagrams 

One of the most widely used ways of representing precedence rela- 
tions is by constrained connection diagrams. These hybrid diagrams are 
built using a connection diagram and then adding the directed edges 
of the disassembly precedence graphs in order to represent the prece- 
dence constraints. The final structure consists of undirected edges 
(the connections), nodes /vertices (the parts), and directed edges/ 
arcs (representing the precedence constraints). 

While authors follow varying conventions, the example of Fig. 5.9 
(i.e., the ballpoint pen case study) follows the work of Lambert and 
Gupta (2005). In this format, a precedence relation is represented by 
an arrow pointing from a part (i.e., vertex) to those parts that are 
obstructing its removal. Multiple arcs sharing the same tail (directed 
edges have a tail and a head, where the direction is from the tail to the 
head) indicate a logical OR relationship, while multiple tails emanat- 
ing from the same vertex indicate a logical AND relationship. As an 
example using Fig. 5.9, the arcs (D, B) and (D, E) indicate that (BvE) 
must be removed prior to part D. Similarly, (BvC) must be removed 
as well in order to access part D. As a result, ((EvB)a(BvC)) must be 




Figure 5.9 Constrained connection diagram for Bourjault's ballpoint. 
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removed prior to part D. In Fig. 5.9, the (D, E), (D, B), (B, A), and (B, F) 
arcs represent the geometric constraints in this product, while the (D, 
B) and (D, C) arcs represent technical constraints (constraints that are 
dependent on tools, costs, procedures, etc.). The technical constraint 
in the pen example is due to recognition that the ink D cannot be 
removed from the sealed cartridge C until the head B is removed. 

Figure 5.9 indicates that disassembly must start at either E or F 
(A cannot be removed due to topological constraints). If E is removed 
first, this would delete arcs (D, E) and (D, B). The next part to be 
removed would need to be F (again due to A's topological constraints), 
which deletes arcs (B, A) and (B, F). Since arcs (D, B) and (D, C) 
remain, the part removal sequence proceeds with the removal of A, 
then B, and finally C. If these two arcs did not remain, part D could 
alternatively be removed after the removal of part F. 

Additional information on Bourjault's pen, Bourjault's assembly 
tree, connection diagrams, reduced disassembly trees, connection 
state diagrams, subassembly state diagrams, disassembly precedence 
graphs, and constrained connection diagrams, as well as other repre- 
sentations such as the cut-set method, can be found summarized in 
Lambert and Gupta (2005). 



Task-Based Precedence Diagrams 

While tasks can be represented in part-based diagrams with the use of 
virtual parts, it may be of interest to exclusively address the precedence 
relationships between tasks. Product disassembly task precedence rela- 
tions and complex relationships between tasks can be addressed using 
a format described by Altekin et al. (2008). Consisting of the familiar 
application of vertices and arcs and making use of the concept of 
depicting OR relations with a semicircle connecting the affected arcs, 
this diagram also adds the notion of artificial parts. 

OR predecessors are indicated by a semicircle attached to all of the 
predecessor tasks' arcs as is found with other disassembly precedence 
diagrams, AND predecessors are implied by the presence of the prede- 
cessor tasks' arcs ending at a common task vertex (Figs. 5.10a and 5.10b, 
respectively). Artificial tasks (indicated by T , e.g., in Fig. 5.10c) are 
used to address the case where there are two or more groups of prede- 
cessor tasks (with all but one of the groups allowed to be as small as a 
single task), all of which are related by a logical OR. 



Disassembly Constraint Graphs 

It is possible to graphically indicate both precedence constraints and 
attaching bonds in a single diagram (Li et al., 2010). This representation 
simultaneously makes use of both directed and undirected edges, while 
the nodes /vertices continue to represent parts (or tasks). Two nodes in 
this disassembly constraint graph can exhibit four different configurations: 
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Figure 5.10 Disassembly-task-based precedence diagrams where: (a) tasks 1 
and 2 are OR predecessors of task 3, (b) tasks 1 and 2 are AND predecessors 
of task 3, and (c) tasks (1a2)v3 are/is a predecessor of task 4. 



no relationship, contacting constraints, precedence constraints, or both 
contacting and precedence constraints. No relationship is indicated by 
the lack of an edge or arc between two nodes and is interpreted as there 
being no physical attachment between the two parts and no immediate 
blocking. An edge indicates some type of bond between the two parts 
that must be broken before one or the other can be removed. An arc 
indicates blocking by an immediate predecessor (though others may 
exist further in/ out) that must be removed before one or the other can 
be removed (the node at the tail of the arc is the immediately blocking 
part, while the node at the arc's head is the part that is blocked). An 
edge and an arc between the two parts indicates there is a physical bond 
between the two parts that must be broken and that once the bond is 
broken, one part immediately blocks the other's removal. (Note that 
these directions are the reverse of those given in Sec. 5.2.5.) 

As demonstrated in Fig. 5.11fl, part 1 immediately blocks the 
removal of part 2. Figure 5.11b shows that part 1 and part 2 share a 
mechanical bond (e.g., glue, screws, nuts and bolts, and welds) that 
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Figure 5.11 Disassembly constraint graph where (a) part 1 is an immediate 
predecessor of part 2, (b) part 1 and part 2 are connected, and (c) both 
conditions are true. 



must be broken prior to the removal of one or the other. Finally, Fig. 
5.11c demonstrates that part 1 immediately blocks the removal of part 
2 and part 1 is connected to part 2. 

Finally, in the disassembly constraint graph, only the immediate 
relationships are indicated. For example, other blocking parts that 
can be addressed with parts that are more immediately blocked are 
not given an arc connecting it to the later-blocked part. 



5.5 Schematic/Flowchart-Style Vertex and 
Arc Disassembly Representation 

The DISASSEMBLY LINE BALANCING PROBLEM (DLBP) can be 
represented by a directed graph (digraph). A modified digraph-based 
disassembly diagram is effective for displaying the additional and 
relevant information in a disassembly problem's precedence diagram 
(McGovern and Gupta, 2005c). It is based on the familiar format found 
in assembly-line balancing problems (as depicted in Elsayed and 
Boucher, 1994; see Lambert, 2003 for other representations), which 
consists of a circular symbol (the vertex) with the task identification 
number in the center and the part removal time listed outside and above. 
This is selectively enhanced to provide greater usability in application to 
disassembly problems. The part removal time (PRT^) of part k is kept 
outside of the vertex, but in the upper-right corner. Working around in a 
clockwise mariner, the additional considerations found in disassembly 
are listed using, as a default, the order of priority as given in this book, 
that is, "H" (only if the part is labeled as hazardous, else blank), the part's 
demand (rf (c ), and the part's removal direction (r ; .); see Fig. 5.12. 

This representation provides a reference to all of a given 
instance's disassembly-unique quantitative data and concentrates 
this data in one location, while still enabling all of the graphical 



raphical Representations of Products to Be Disassembled 



Figure 5.12 Disassembly task/part vertex representation. 

relationship information that a traditional precedence diagram 
portrays. Arcs continue to be depicted as solid lines terminated 
with arrows. The arrow's direction points (top to bottom as found 
in this book or alternatively, left to right) toward subsequent disas- 
sembly tasks; that is, the arrows leave the predecessor parts. This format 
tends to be more angular, similar to an electronics schematic or a 
flowchart. 

Another modification is the use of broken lines to express OR 
relations by connecting them to each other. The OR relationship is 
depicted in Fig. 5.13; that is, remove (lv2) prior to 3 (note that, e.g., 
part 1 takes 2 seconds to remove, is hazardous, has a demand of 7, 
and can only be removed in direction -y). 

Although all parts should be included in the diagram, only 
parts with demands and /or parts that are predecessors to subse- 
quently demanded parts are required to be listed if incomplete 
disassembly is possible (since it is always desirable to remove 
demanded parts and it is required to remove their predecessors). 
Parts without demands that do not precede other parts having 
demands can be deleted from the diagram to conserve space — 
however, all of any deleted part's additional information (PRT /t , 
"H" if applicable, and r.) will no longer be available to the reader. 
Since, in this case, the diagram would be incomplete, the beginning 
and end of the disassembly precedence diagram can optionally be 
depicted using flowchart-type terminator boxes, with the start box 
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Figure 5.13 OR example depicting the requirement to remove 1 OR 2 prior to 3. 
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Figure 5.14 Disassembly precedence diagram start terminator box (optional). 

used to contain summary information about the product being dis- 
assembled. The total number of parts n is listed in the center and, 
working around the outside in a clockwise manner, the total of the 
part removal times for the entire product is listed in the upper 
right corner, then the number of hazardous parts HP, the number 
of demanded parts DP, and the number of part removal directions 
r (Fig. 5.14). 

The set of demanded parts is defined as 

DP= [k:d k ±ti VkeP] (5.l) 

where P is set of n part removal tasks. 

By taking advantage of the established benefits of electrical wiring 
diagrams, this design lends itself to readily representing products 
with many parts. As a result, one of the benefits of this wiring-diagram- 
type representation — in addition to containing disassembly-specific 
details in the diagram itself — is that it can be easier to read in the case 
of products with many parts. This is due to the straight lines of the 
wiring diagram being more amenable to easily and clearly cross- 
ing one or more pages in a document, as well as not being 
restricted by the legibility of multiple angled lines converging on 
a single part as found in other diagramming formats; the straight 
lines are easier than angled lines to trace on products with many 
parts. 

Another benefit is its ability to represent multiple disassembly 
paths (as does, e.g., the disassembly tree of Sec. 5.2.3) as well as 
unusual or complex logical part relationships. Prior to demonstrating 
more complex logical part relationships, some examples of the more 
basic relationships can be seen in Figs. 5.15 through 5.20 (in order to 
focus on the part's relationships alone, in the interest of clarity, the 
part's characteristics are left off the examples). 




Figure 5.15 Disassembly precedence relationship (AvBvC). 
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Figure 5.16 Disassembly precedence relationship (AaB)v(BaC). 




Figure 5.17 Disassembly precedence relationship (AaB)v(CaD). 




Figure 5.18 Disassembly precedence relationship (AaB)vC. 




Figure 5.19 Disassembly precedence relationship (AvB)aC. 
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Figure 5.20 Disassembly precedence relationships: remove (AvB) before C, 
remove (AaBaC) before D. 

Examples of relationships that are more complex can be seen in 
Figs. 5.21 through 5.23 and include (AvBvC)aD, ((AaB)v(BaC))aD, 
and (AaB)v(AaQv(AaC). Figure 5.23 also demonstrates lines crossing 
that are not in contact. A necessary feature of wiring diagrams (some- 
times represented with a semicircle to indicate a wire's motion away 
from the page into a third dimension), this is helpful in representing 
disassembly paths in products with intricate precedence relationships. 



Various graphical approaches have been developed to present disas- 
sembly sequencing. Kaebernick et al. (2000) use a cluster graph that is 
created by sorting the components of a product into different levels 
based on their accessibility for disassembly. Lambert (1997) presents 
an AND/ OR-graph-based graphical method for the generation of the 
optimum disassembly sequence. Li et al. (2006) present a disassembly 
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Figure 5.21 Disassembly precedence relationship (AvBvC)aD. 
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Figure 5.22 Disassembly precedence relationship ((AaB)v(BaC))aD. 







1 


r u 





















Figure 5.23 Disassembly precedence relationship (AaB)v(AaC)v(BaC). 

constraint graph to generate possible disassembly sequences for 
maintenance. Dong et al. (2006) propose a method for the automatic 
generation of disassembly sequences from a hierarchical attributed 
liaison graph. O'Shea et al. (1999) provide an example of a cluster 
graph. 

Petri nets represent a popular alternative for disassembly modeling. 
Petri nets are a graphical and mathematical modeling technique devel- 
oped in the 1960s to model concurrent computer system operations. The 
work of Moore and Gupta (1996) indicate they also have application 
in disassembly. Moore et al. (1998, 2001) present a Petri-net-based 
approach for the automatic generation of disassembly process plans 
for products with complex AND/ OR precedence relationships. 

Building on disassembly trees and disassembly precedence 
graphs, the transformed AND/OR graph is a form of a digraph that can 
be used to represent products to be disassembled (Koc et al., 2009). 
A disassembly tree represents all possible subassemblies (but repre- 
sents precedence relations only indirectly). Disassembly precedence 
graphs contain all of the task information needed to completely 
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disassemble a product. The transformed AND/OR graph is a version 
of the disassembly tree, which is modified to include disassembly 
precedence graph information. The graph is formed as follows. Each 
arc in the disassembly tree is represented in the transformed AND/ 
OR graph using a vertex, while each vertex in the disassembly tree 
corresponding to a subassembly is represented in the graph using an 
artificial vertex (or artificial task; see Sec. 5.3). Precedence relationships 
between the tasks (now vertices in the transformed AND /OR graph) 
and subassemblies (now artificial vertices) are maintained in the new 
diagram. The artificial vertices may be preceded or succeeded by 
more than one vertex; however, only one of the predecessors and one 
of the successors should be processed during disassembly. Arcs in the 
transformed AND/OR graph are of two types: the first type of arc 
represents the normal precedence relation case, while the second type 
of arc indicates alternative paths that are indicated using a connect- 
ing semicircle. 



CHAPTER 



Computational 
Complexity of 
Combinatorial 
Problems 



6.1 Introduction 

In order to attempt to solve the DISASSEMBLY LINE BALANCING 
PROBLEM (DLBP), its structure and complexity first must be established 
and understood. This chapter focuses on providing an introduction to 
complexity theory as well as discussing hardware, software, and analysis 
considerations, including a review of the hardware used for generating 
the case-study results as well as discussing software engineering, soft- 
ware reusability, and data analysis. 

Section 6.2 describes computational complexity and combinato- 
rial optimization along with "easy" and "hard" problems and their 
associated polynomial-time and nondeterministic-polynomial-time 
solutions. Section 6.3 reviews the class of NP-complete problems. 
Section 6.4 covers the class of unary NP-complete problems and 
Sec. 6.5 addresses the class of NP-hard problems. Section 6.6 provides 
a synopsis of the details in the previous sections. Section 6.7 notes the 
currently accepted general concepts for attempting to solve NP-complete 
problems. Section 6.8 discusses other classes of problems to enable a 
complete discussion of complexity theory within this chapter. Section 6.9 
discusses the analysis of suboptimal solutions generated by these tech- 
niques, while Sec. 6.10 reviews computer-related considerations and 
the specifics of the hardware and software used in the analysis per- 
formed in this book. 

Note that a great deal of the explanations in this chapter can be 
attributed to Garey and Johnson (1979), Karp (1972), Papadimitriou 
and Steiglitz (1998), and Tovey (2002). Because of the importance of 
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NP-completeness theory, its occasional misrepresentations in texts 
and papers, and the terse and seemingly cryptic illustrations tradi- 
tional to the precise field of mathematics, the bulk of the information 
presented in this chapter is offered here exclusively as supplemen- 
tary information to allow a more full understanding of the DLBP 
complexity proofs that follow. This is especially necessary since the 
three proofs presented here are structured in that same succinct for- 
mat, requiring some degree of interpretation of various subtle details 
that are often considered to be "obvious" and are typically left to the 
reader. In fact, this book uses the notoriously compact proof format 
used by Garey and Johnson (1979), which is actually longer and more 
detailed than that used by Karp (1972) in his seminal paper. Readers 
familiar with NP-completeness are invited to skip this chapter and 
should have little difficulty in appreciating the proofs of Theorem 9.1 
in Sec. 9.2, Theorem 9.2 in Sec. 9.3, and Theorem 9.3 in Sec. 9.4. 



Complexity Theory Background 

Computational complexity is the measure of how much work — typically 
measured in time or computer memory — is required to solve a given 
problem. If the problem is easy, it can probably be solved as a linear 
program (LP), network model, or with some other similar method. If 
a problem is hard, finding an exact solution is apt to be time intensive 
or even impractical, requiring the use of enumerative methods or 
accepting an approximate solution obtained with heuristics. 

Though similar in name to the ASSEMBLY LINE BALANCING 
problem [and more specifically the simple assembly line balancing type I 
(SALB-I) problem, a claimed NP-hard combinatorial optimization 
problem], the DISASSEMBLY LINE BALANCING PROBLEM con- 
tains a variety of complexity-increasing enhancements. The general 
ASSEMBLY LINE BALANCING problem can be formulated as a 
scheduling problem, specifically as a flow shop. In its most basic form, 
the goal of DLBP is to minimize the idle times found at each flow- 
shop machine (workstation). Since finding the optimal solution 
requires investigating all permutations of the sequence of n part 
removal times, there are n\ possible solutions. The time complexity of 
searching this space is 0{n\). This is known as factorial complexity and 
referred to as exponential time. Though a possible solution to an instance of 
this problem can be verified in polynomial time, it cannot always be opti- 
mally solved. This problem is therefore classified as nondeterministic poly- 
nomial (NP). If the problem could be solved in polynomial time it would 
then be classified as polynomial (P). [More precisely, Karp (1972) defines P 
to be the class of languages recognizable — recognition in languages is 
equivalent to solving in decision problems — in polynomial time by one-tape 
deterministic Turing machines and NP to be the class of languages recogniz- 
able in polynomial time by one-tape nondeterministic — i.e., guessing — Turing 
machines.] 



Computational Complexity of Combinatorial Problems 

Combinatorial optimization is an emerging field that combines 
techniques from applied mathematics, operations research, and com- 
puter science to solve optimization problems over discrete structures. 
Combinatorial optimization problems are optimization problems 
where some c (a cost function that maps feasible points to the real 
numbers) is optimized over a finite set F (the set of feasible points). 
The goal is to find/ e F such that c(f) is maximized, minimized, or 
equal to some value; that is, find an optimal/. Note that there can also 
be more than one optimal solution, or none. Usually, F is considered 
to be the set of solutions, and in all cases F is finite. Combinatorial 
optimization problems are those that can be put in form (F, c), for 
example, the TRAVELING SALESPERSON PROBLEM (TSP; given a 
finite set of cities, edges, and weights, the lowest-cost tour is desired) 
is a combinatorial optimization problem where F is the set of the 
Hamiltonian cycles (i.e., cycles that visit every node exactly once) and 
c is the total cost of a cycle (which is to be minimized). To solve one of 
these problems, one must consider every solution, compute their cost 
functions, and select the best one. This technique is known as the 
exhaustive approach to solving a problem. However, exhaustive search 
takes n\ time, which makes this solution technique impractical for all 
but the smallest problems. 

The basic distinction made between solution techniques is 
whether they are easy [they take polynomial time 0{x"), where x is 
indicative of the problem size and a is some constant; this group 
includes n, n log n, n 2 , n 3 , 10 8 n 4 , etc.] or they are hard [taking exponen- 
tial time 0(a x ); this group includes 2", 10", n'° s ", n\, n", etc.; Papadimi- 
triou and Steiglitz, 1998]. [Using asymptotic notation, a function g(x) is 
0(h(x)) whenever there exists a constant a such that | g(x) \ < a ■ \ h(x) \ 
for all x > 0.] Complexity theory is formulated from the theory of 
recursive functions and the definitions and applications of recursively 
enumerable sets. The terminology includes the following: A specific 
numeric case or class of cases having the same form is known as an 
instance (I). An instance of a problem is a particular case of the prob- 
lem with all parameters quantitatively defined. The term problem (Yl; 
also L, a reference to its basis in languages from recursive enumeration) 
refers to a class of instances and is defined as a general question to be 
answered that usually contains variables. It includes a broad descrip- 
tion of all parameters and of what properties the answer (solution) 
must satisfy. A problem is then a general description of the properties 
of an optimal solution. Therefore, an instance can be thought of as a 
specific case of the problem. For example, TSP is a problem while an 
actual list of cities and weights is an instance. An algorithm is a gen- 
eral, step-by-step process for solving the problem. An algorithm can 
solve a problem if it can produce a solution for any instance of that 
problem. In order to solve a problem, an algorithm must always 
find the same, optimum (minimum or maximum) solution for a 
given instance (Garey and Johnson, 1979). [This strict definition of an 
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algorithm from the field of mathematics as always providing the 
same result and one that is always the optimal result — techniques 
that include exhaustive search, the simplex algorithm for LP, and 
dynamic programming for PARTITION — is given here in the interest 
of accuracy but is not used throughout the remainder of this book in 
favor of the more prevalent definition from the field of computer sci- 
ence of an algorithm as being simply a step-by-step process for 
obtaining some solution to a problem (see Sec. 10.2 and Rosen, 1999); 
i.e., not necessarily an optimal solution and not necessarily a deter- 
ministic process always giving the same solution to an instance.] It is 
generally of interest to find an algorithm that gives a solution in the 
most efficient way, where the "most efficient" algorithm is generally 
considered to be the fastest. This is so because the time requirements 
are most often the measure of whether or not a given algorithm is of 
any practical use, since the time is reflective of the problem size. For 
every input size, the time complexity function for an algorithm gives 
the largest amount of time needed by that algorithm to solve an 
instance of that size. Time complexity is defined to be the same size as 
the worst-case runtime, though in this book time complexity is gener- 
ically used to refer to any time study. A polynomial-time algorithm is 
one whose time complexity function is 0(p(x)) for some polynomial 
function p with input of size x; this definition includes constant time, 
that is, O(l). If (excluding certain nonpolynomial-time complexity 
functions) it cannot be bounded this way, it is called an exponential-time 
algorithm. As an example of the time differences between the two types 
of algorithms, a computer that can perform 1 million operations per 
second would require 13 minutes to process an instance of size x = 60 
for a polynomial-time algorithm operating at 0(x 5 ), while taking 366 
centuries to process the same size instance but using an exponential- 
time algorithm operating at 0(2 V ) (Garey and Johnson, 1979). For all 
but the smallest problems, polynomial-time algorithms are much 
more desirable than exponential-time algorithms which (it is believed 
but not yet proven) render a problem intractable (where a problem 
cannot be solved by any known polynomial-time algorithm). 
Exceptions include algorithms that are worst-case exponential- 
time but tend to run much faster in average case, such as the simplex 
algorithm for the LINEAR PROGRAMMING problem and branch- 
and-bound for the KNAPSACK problem. There are two causes for 
intractability: problems so hard they require an exponential 
amount of time to obtain a solution, and problems whose solutions 
are exponential in size (this is typically indicative of an unrealistically 
defined problem since the solution cannot practically be used due to 
its size). These definitions assume a reasonable machine. Reasonable 
machines include personal computers, workstations, and supercom- 
puters. They also include Turing machines [a one-tape deterministic 
Turing machine makes use of a list of n-tuples, entering at the first 
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nonblank position on the tape using the information in an (the) initial 
state n-tuple that also corresponds to the 0, 1, or blank in the initial 
position on the tape, updates the machine's state, writes a 0, 1, or a 
blank, and moves right or left on the tape — all per that n-tuple's data — 
one position, then repeats until reaching a point where no n-tuple 
corresponds to the state required and the 0, 1, or blank currently in 
the position on the tape at which point the machine halts and the 
newly written sequence on the tape is the final tape output]. Machines 
that are not reasonable include a machine that can do an infinite num- 
ber of things at once, a parallel computer with an unlimited number 
of nodes, and quantum computers (ultimate laptop, black hole 
computer). Subsequent definitions also require reasonable encodings. 
Reasonable encodings are concise; they do not contain extra infor- 
mation. An example of an encoding that is not reasonable would 
include an input to TSP that was a listing of all cycles in the graph 
and their costs. Each cycle could then be checked to see if it is 
Hamiltonian and then the one with the smallest cost could be 
selected. The number of cycles is the size of a TSP instance. There- 
fore, an algorithm can be found that solves TSP in polynomial time 
with respect to the number of cycles, so TSP would be tractable. 
However, this encoding is unreasonable — it is exponentially large 
with respect to the number of vertices. To summarize, polynomial- 
time complexity assumes the following: input size x is large enough, 
constant factors are ignored, instance encoding is reasonable, and 
the machine is reasonable. 

Easy problems include LP, MINIMUM COST NETWORK FLOW, 
MATCHING, MINIMUM SPANNING TREE, and sorting. Hard 
problems include INTEGER PROGRAMMING, TSP, and JOB-SHOP 
SCHEDULING (Tovey, 2002). P denotes the class of easy problems; NP- 
hard is a larger class than NP-complete and includes NP-complete. 
Being NP-hard or NP-complete effectively means that it takes a long 
time to exactly solve all case of sufficiently large size (Tovey, 2002). The 
formality of NP-completeness is of special interest since, as put by 
Garey and Johnson (1979), there is a certain theoretical satisfaction in 
precisely locating the complexity of a problem via a "completeness" 
result that cannot be obtained with a "hardness" result. 

Adding a threshold value to an optimization problem converts it 
to "yes-no" (decision) form, which is the standard format used in com- 
plexity analysis and NP-completeness proofs. This is due to complexity 
theory having its basis in recursive enumeration, which includes a func- 
tiong that only takes two values (which are assumed to be and 1). The 
yes-no version of a problem is analyzed to classify its optimization ver- 
sion. Therefore, hard problems should stay hard and easy problems 
should stay easy when converted to yes-no form. That is, the yes-no 
version should be hard if and only if the optimization version is hard. 
If the problem has correctly been converted to yes-no form, it will 
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never be more difficult to solve than the original version. In the class 
NP, if lucky guesswork is allowed, then the problems can be solved in 
polynomial time. Most reasonable and practical problems are in NP. 



6.3 NP-Completeness 

Cook provided the foundations for NP-completeness in 1971 (Cook, 
1971) by showing that a polynomial time reduction (< p ) from one prob- 
lem to another ensures any polynomial-time algorithm used on one 
can be used to solve the other. In addition, Cook emphasized the class 
of NP-decision problems that can be solved on a nondeterministic 
computer (a fictitious computer that operates in a manner that is not 
predictable; i.e., a computer that guesses solutions). The final signifi- 
cant contribution of that paper was the proof that every problem in 
NP can be reduced to one particular problem in NP (the SATISFI- 
ABILITY problem, or SAT) and the suggestion that other problems in 
NP may share SAT's property of being the hardest problem in NP. 
This group of the hardest problems in NP is the class of NP-complete 
problems. [The term "complete" in reference to NP-complete problems 
was first used by Karp (1972) and comes from recursive enumerabil- 
ity and the notion of a language being "complete" for a class with 
respect to a given type of reducibility if it belongs to the class and 
every other member reduces to it; Karp defines the term to mean 
"equivalent" and used it to describe problems that could equivalently 
play the role of SAT in Cook's theorem.] Though it is suspected that 
NP-complete problems are intractable, this has never been proven or 
disproved. Once determined and proven, the answer to the question 
"is P = NP?" will effect every problem that is NP-complete. If and 
when answered, it will be known that no NP-complete problem will 
ever be solved in polynomial time or that all NP-complete problems 
can be optimally solved. 

The theory of NP-completeness is applied only to decision prob- 
lems. A decision problem n consists of a set D of decision instances 
and a subset Y cz D of yes-instances along with any additional prob- 
lem structure. Specifying a problem consists of two parts: describing 
a generic instance ("Instance") and stating the yes-no question 
("Question") asked in terms of the generic instance. While the opti- 
mization problem asks for a structure of a certain type that has a min- 
imum (or maximum) cost among all such structures, associating a 
numerical threshold as an additional parameter and asking whether 
there exists a structure of the required type having cost no more (or 
less) than that threshold creates the desired decision problem. As 
long as the cost function is relatively easy to evaluate, the decision 
problem can be no harder than the corresponding optimization prob- 
lem. Therefore, even though the theory of NP-completeness is 
restricted to decision problems, it is known that the optimization 
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version is at least as hard and hence, we can extend the implications 
of the theory. (Note that many decision problems — including TSP — 
can also be shown to be no easier than their corresponding optimiza- 
tion problems.) The reason that this theory is restricted to decision 
problems is due to their formal mathematical correspondence to lan- 
guages (and ultimately recursive enumeration) and use of encoding 
schemes. 

Originally formalized with application to combinatorial prob- 
lems in Karp (1972), the language framework is now defined. An 
alphabet E is a finite set of symbols (e.g., L= (0, 1}). Astring is a sequence 
made up of the symbols in the alphabet (e.g., 01101). A language L 
over an alphabet £ is any set of strings over £ (e.g., L = (1, 10, 100, 010, 
1001, ...}). The empty string is written e while the set containing all 
possible strings from S is written S*. It is assumed that any problem 
instance can be encoded as one of the strings in £*, that is, as a binary 
string. Languages provide a way to easily list all the instances of a 
problem whose answer is "yes." Languages and problems are closely 
related. A language is equivalent to a problem; a string is equivalent 
to an instance; Is and 0s can be used to encode real numbers where a 
1 is equivalent to the answer "yes" and a is equivalent to the answer 
"no." An encoding scheme is what is used when specifying problem 
instances. Karp (1972) provided a mathematical definition where an 
encoding e : D — > 2* of a set D' <z D is recognizable in polynomial time 
if e(D') g P. Languages allow for the decision problem to be repre- 
sented to and solved by a deterministic one-tape Turing machine 
(and ultimately a nondeterministic one-tape Turing machine). The 
class NP is intended to isolate decision problems in polynomial time. 
Given a problem instance I, a nondeterministic algorithm has two 
stages: a guessing stage where some structure S is proposed, and a 
checking stage where I and S are used to terminate with "yes," ter- 
minate with "no," or compute without halting (the latter two are 
effectively indistinguishable). The class of NP is then the class of all 
decision problems that can be solved (under reasonable encoding 
schemes) by polynomial-time nondeterministic algorithms (with the 
understanding that "solve" refers to verification of a "yes" or "no" 
answer). As a result, note that P (z NP though it is generally accepted 
(but never proven) that P ^ NP. Applied from the mathematics of lan- 
guages, a polynomial transformation (< p ; i.e., a polynomial time reduc- 
tion) implies a function exists that can map the solution space of one 
problem to another. Karp (1972) in one of his definitions explains 
how the reduction from IT to n (IT < p II) is actually the process of 
converting II to IT through the use of some function. Formally, II' < p II 
is a function g : D' — > D where g is computable by a polynomial-time 
algorithm and V7 e D',I e Y' <=> g(I) e Y. W < p Yl can be interpreted as 
meaning that n is at least as hard as II'. Also, if n can be solved by a 
polynomial-time algorithm, so can IT; if IT is intractable, so is n. < p is 
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an equivalence relation and poses a partial order on the resulting 
classes of languages (i.e., decision problems). As a result, the class P 
forms the lowest equivalence class in this partial ordering with the 
decision problems viewed as the easiest problems computationally. 
The class of NP-complete languages (problems) forms another class, 
the one having the hardest languages (problems) in NP. A language L 
is NP-complete if (a) L e NP and (b) for all other languages L' such 
that L'e NP, L'< p L. This prompts the identification of the NP-complete 
problems as the hardest problems in NP [it is property (b) by itself 
that causes problems to be in the class NP-hard]. If any NP-complete 
problem can be solved in polynomial time, then every problem in NP 
can be solved in polynomial time; if any problem in NP is intractable, 
then every problem in NP-complete is intractable. (Note that if P * 
NP then there must be problems in NP that are neither solvable in 
polynomial time nor are they NP-complete, but these are generally 
not of interest.) 

The process of devising an NP-completeness proof for a decision 
problem n consists of the following four steps: 

1. Show that lie NP. 

2. Select a known NP-complete problem IT. 

3. Construct a transform g from II' to II. 

4. Prove that g is a polynomial transformation. 

The main idea in an NP-completeness proof is to model a known 
NP-complete problem as the problem under consideration (not the 
reverse, which is what might be done to solve a problem). This is per- 
formed using a transformation — essentially a computer program — 
that has an input (an instance of IT, a known NP-complete problem) 
and an output (an instance of II, the problem under consideration). 
The transformation must map "yes" instances of II' to "yes" instances 
of n, map "no" instances of IT to "no" instances of n, and it must be 
fast (run in polynomial time in the length of the input instance). 

Cook provided the first NP-complete problem (SAT; Cook, 1971). 
The six other basic NP-complete problems include 3-SATISFIABILITY, 
3-DIMENSIONAL MATCHING, VERTEX COVER, CLIQUE, HAMIL- 
TONIAN CIRCUIT, and PARTITION (Garey and Johnson, 1979). These 
six problems are commonly referred to as the "known NP-complete 
problems." Also, they are the most commonly used problems for 
NP-completeness proofs and serve as a core of known NP-complete 
problems. In addition, they all appeared in the original list of 21 NP- 
complete problems in Karp (1972). 

Some techniques for proving NP-completeness include restriction, 
local replacement, and component design (Garey and Johnson, 1979). 

An NP-completeness proof by restriction for a given problem n e NP 
consists simply of showing that n contains a known NP-complete 
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problem IT as a special case. It requires that additional restrictions 
be placed on the instances of n so that the resulting restricted prob- 
lem will be identical to IT (not necessarily exact duplicates of one 
another but rather an obvious one-to-one correspondence between 
their instances that preserves "yes" and "no" answers). That is, con- 
sidering a problem n = (D, Y) (the set D of all instances and the set Y 
of all "yes" instances), IT = (D', Y') is a subproblem of n if 

• D'cD 

• Y' = YnD' 

Instead of transforming a known NP-complete problem to the target 
problem, an attempt is made to restrict inessential aspects of the tar- 
get problem until a known NP-complete problem appears (many 
problems that arise in practice are simply more elaborate versions of 
known NP-complete problems). 

With local replacement, some aspect of the structure of the known 
NP-complete problem instance is used to make up a collection of basic 
units. The corresponding instance of the target problem is obtained by 
uniformly replacing each basic unit with a different structure, each 
replacement constituting only a local modification of that structure. 
This is occasionally augmented by a limited amount of additional 
structure, known as an enforcer, which imposes certain additional 
restrictions on the ways in which a "yes" answer to the target instance 
can be obtained. The enforcer acts to limit the target problems instances 
to those that reflect the known NP-complete problem instance. 

Component design proofs are any in which the constructed instance 
can be viewed as a collection of components, each performing some 
function in terms of the given instance. The basic idea is to use the con- 
stituents of the target problem instance to design certain components 
that can be combined to realize instances of the known NP-complete 
problem. Components are joined together in a target instance in such a 
way that the choices are communicated to property testers and the prop- 
erty testers then check whether the choices made satisfy the required 
constraints. Interactions between components occur both through 
direct connections and through global constraints. 



NP-Completeness in the Strong Sense 

NP-completeness provides strong evidence that a problem cannot be 
solved with a polynomial- time algorithm (the theory of NP-completeness 
is applied only to decision problems). Many problems that are 
polynomial solvable differ only slightly from other problems that 
are NP-complete. 3-SATISFIABILITY and 3-DIMENSIONAL MATCH- 
ING are NP-complete, while the related 2-SATISFIABILITY and 
2-DIMENSIONAL MATCHING problems can be solved in polynomial 
time (polynomial-time algorithm design is detailed in Aho et al., 1974 
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and Reingold et al., 1977). If a problem is NP-complete, some sub- 
problem (created by additional restrictions being placed on the 
allowed instances) may be solvable in polynomial time. Certain 
encoding schemes and mathematical techniques can be used on some 
size-limited cases of NP-complete problems (an example is a dynamic 
programming approach to PARTITION that results in a search space 
size equal to the size of the instance multiplied by the logarithm of 
the sum of each number in the instance) enabling solution by what is 
know as a "pseudopolynomial-time algorithm." In the PARTITION 
case this results in a polynomial-time solution as long as extremely 
large input numbers are not found in the instance. Problems for which 
no pseudopolynomial-time algorithm exists (assuming P * NP) are 
known as "NP-complete in the strong sense" (also, unary NP-complete — 
referring to allowance for a nonconcise or "unary" encoding scheme 
notation where a string of n Is represents the number n — with an 
alternative being binary NP-complete). Typical limiting factors for 
NP-complete problems to have a pseudopolynomial-time algorithm 
include the requirement that the problem be a number problem (ver- 
sus a graph problem, logic problem, etc.) and be size constrained, 
typically in the number of instance elements (n in DLBP) and the size 
of the instance elements (PRT ; . in DLBP). Formally, an algorithm that 
solves a problem n will be called a pseudopolynomial-time algorithm for 
n if its time complexity function is bounded above as a function of 
the instance I by a polynomial function of the two variables Max[I] 
(problem size) and Length[I] (data length, the number of digits 
required to write each number — note that this can be enormous). A 
general NP-completeness result simply implies that the problem can- 
not be solved in polynomial time in all the chosen parameters. 

KNAPSACK has been shown to be solvable by a pseudopolynomial- 
time algorithm in a dynamic-programming fashion similar to PARTI- 
TION by Dantzig (1957). MULTIPROCESSOR SCHEDULING and 
SEQUENCING WITHIN INTERVALS have both been shown to be 
NP-complete in the strong sense. The same is true for 3-PARTITION, 
which is similar to PARTITION but has m (instead of two) disjoint sets 
and each of the disjoint sets has exactly three elements. By consider- 
ing subproblems created by placing restrictions on one or more of the 
natural problem parameters, useful information about what types of 
algorithms are possible for use with the general problem can be 
gleaned. 



6.5 NP-Hardness 

The techniques used for proving NP-completeness can also be used 
for proving problems outside of NP are hard. Any decision problem 
n, whether a member of NP or not, to which an NP-complete prob- 
lem can be transformed will have the property that it cannot be solved 
in polynomial time unless P = NP. Such a problem n is NP-hard, since 
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it is at least as hard as the NP-complete problems. Similarly, a search 
(optimization) problem n, whether a member of NP or not, is NP- 
hard if there exists some NP-complete problem IT that reduces to IL 
Furthermore, by the previous association of languages with string 
relations and decision problems with search problems, it can be said 
then that all NP-complete languages (i.e., all NP-complete problems) 
are NP-hard. So NP-complete c NP and NP-complete c NP-hard; 
that is, NP-complete = NP-hard n NP. Whenever it is shown that a 
polynomial-time algorithm for the optimization problem can be used 
to solve the corresponding decision problem in polynomial time, a 
reduction between them is being made, and hence an NP-completeness 
result for the decision problem can be translated into an NP-hardness 
result for the optimization problem. That is, showing that an NP- 
complete decision problem is no harder than its optimization prob- 
lem, along with the fact that the decision problem is NP-complete, 
constitutes a proof that the optimization problem is NP-hard. NP-hard 
can be interpreted as meaning "as hard as the hardest problem in NP" 
though the term has differing meanings in some of the literature (the 
definition of NP-complete, however, is generally standardized and 
universally understood). 

Things that make a problem hard include dividing work or 
resources up evenly, making sequencing decisions that depend on 
current and past positions, splitting a set of objects into subsets 
where each must satisfy a constraint, finding a largest substructure 
that satisfies some property, maximizing or minimizing intersec- 
tions or unions of sets, and interactions among three or more objects 
or classes of constraints (Tovey, 2002) (the BIN-PACKING problem 
is NP-hard, though there are fast, approximate solutions such as 
first-fit, first-fit-decreasing, and best-fit; Hu and Shing, 2002; Garey 
and Johnson, 1979). Problems that are not susceptible to solution by 
dynamic programming are called unary NP-hard or NP-hard in the 
strong sense (defined similarly to strong NP-completeness). For 
example, dynamic programming works well for 2-MACHINE- 
LINE BALANCING; it works but is slower by a factor of n for 
3-MACHINE-LINE BALANCING; it is impractical for 5-MACHINE- 
LINE BALANCING. Theoretically, if m is allowed to vary and get large, 
the m-machine problem is like 3-PARTITION or BIN PACKING and 
is NP-hard in the strong sense; although the problem is not NP-hard 
in the strong sense for any fixed value of m, m = 5 is large, practically 
speaking. 



Overview of NP-Complete Problems 

To summarize the previously described classes informally, a problem 
is in the class NP if a guessed answer can be checked against the 
instance's threshold(s) in polynomial time. A problem is in the class 
NP-hard if a known NP-complete problem can be transformed to it in 
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polynomial time. A problem is in the class NP-complete if both these 
requirements are met. 



6.7 Solving NP-Complete Problems 

There are normally considered to be two general categories of tech- 
niques for addressing NP-complete problems (Garey and Johnson, 
1979). 

The first category includes approaches that attempt to improve 
upon exhaustive search as much as possible. If realistic cases that are 
modeled using integer programming are not very large, commercial 
math-programming software may be effective. Among the most 
widely used approaches to reducing the search effort of problems 
with exponential time complexity are those based on branch-and- 
bound or implicit enumeration techniques (see, e.g., Garfinkel and 
Nemhauser, 1972). These generate "partial solutions" within a tree- 
structured search format and utilize powerful bounding methods to 
recognize partial solutions that cannot possibly be extended to actual 
solutions, thereby eliminating entire branches of the search in a single 
step. Other approaches include dynamic programming, cutting plane 
methods (see Hu, 1969; Garfinkel and Nemhauser, 1972), and Lagran- 
gian techniques (Geoffrion, 1974; Held and Karp, 1971). Dynamic 
programming can solve KNAPSACK, PARTITION, and similar prob- 
lems as long as the instance is not too large. However, other NP-hard 
problems including 3-PARTITION and BIN PACKING are not sus- 
ceptible to quick solution by dynamic programming. Dynamic pro- 
gramming of a KNAPSACK problem that is made up of integers and 
having a knapsack size of a uses a table that is x by a + 1 in size, 
requiring 0(ax) work. This algorithm is pseudopolynomial time 
because it is only fast when a is small. As discussed previously, if the 
dynamic-programming algorithm is polynomial in the parameters of 
problem size and data length (note, however, that if a were an 80-digit 
number, the required table could not fit into the combined disk mem- 
ory of all Internet-linked computers; Tovey, 2002), the algorithm is 
pseudopolynomial time. In practice, dynamic-programming algorithms 
are apt to run out of memory before they bog down with CPU usage 
(Tovey, 2002). 

The second category allows for the attainment of suboptimal 
(though ideally, near-optimal or optimal) solutions — to optimization 
problems only — in a reasonable amount of time through the use of 
heuristics. These are especially effective when one is unsure of the 
model (e.g., when the objective can only be approximately quantified), 
when the data is not accurate, when an exact solution is not required, 
when the problem is transient or unstable and robustness in the solu- 
tion method becomes important, when the instances are enormous or 
the problem is very difficult in practice (e.g., JOB-SHOP SCHEDULING 
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or the QUADRATIC ASSIGNMENT PROBLEM), when solution speed 
is critical, or when the necessary expertise is not available. Heuristic 
approaches are frequently based on intuitive rules-of- thumb. These 
methods tend to be problem specific. The most widely applied tech- 
nique is that of a neighborhood search where a preselected set of local 
operations is used to repeatedly improve an initial solution, continuing 
until no further local improvements can be made and a "locally opti- 
mum" solution has been obtained. Heuristic methods designed via this 
and other approaches have often proved successful in practice, 
although a considerable amount of problem-specific fine-tuning is 
usually required in order to achieve satisfactory performance. As a 
consequence, it is rarely possible to predict how well such methods 
will perform by formally analyzing them beforehand. Instead, these 
heuristics are usually evaluated and compared through a combination 
of empirical studies and commonsense arguments. 

Papadimitriou and Steiglitz (1998) further expand on these two 
categories to allow for six alternatives to address NP-complete prob- 
lems. In order to solve an exponential-time problem, they propose 
one of the following approaches be used: 

Approximation: Application of an algorithm that quickly finds 
a suboptimal solution that is within a certain (known) range or 
percentage of the optimal solution. 

Probabilistic: Application of an algorithm that provably yields 
good average runtime behavior for a distribution of the problem 
instances. 

Special cases: Application of an algorithm that is provably fast if 
the problem instances belong to a certain special case. 
Exponential: Strictly speaking, pseudopolynomial-time algo- 
rithms are exponential; also, many effective search techniques 
(e.g., branch-and-bound, simplex) have exponential worst-case 
complexity. 

Local search: Recognized to be one of the most effective search 
techniques for hard combinatorial optimization problems, local (or 
neighborhood) search is the discrete analog of "hill climbing." 
Heuristic: Application of an algorithm that works reasonably well 
on many cases, but cannot be proven to always be fast or optimal. 

In Part II of this book, several of these search techniques are dem- 
onstrated using some of the established DLBP instances. 



Other Classes of Problems 

Tovey (2002) provides a detailed explanation of other classes 
of problems that are widely believed to be harder than both 
the NP-complete and the co-NP-complete (i.e., believed to not 
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be in NP; e.g., co-TSP: is there no Hamiltonian cycle with cost 
> c, i.e., do all of the Hamiltonian cycles cost > c? — requires 
exponential time to check) classes. The most important of these 
is the class of PSPACE-complete time. Usually if a problem is 
PSPACE-complete, it will be harder to solve in practice than 
an NP-complete problem; it probably cannot even be verified 
in polynomial time. A problem of this type is typically found 
in combinatorial games such as those involving an alternating 
sequence of difficult decisions between two opposing sides. 
Many familiar games, such as chess and checkers, are in this 
category. Several important operations research and manage- 
ment science problems are as well, including stochastic sched- 
uling, periodic scheduling, Markov decision problems, queueing 
networks, and systems of differential equations. Adding stochas- 
ticity or uncertainty generally makes hard problems substantially 
harder. Finally, computational complexity theory provides little 
information about continuous nonlinear problems. In practice, con- 
vexity is usually the dividing line between easy and hard optimiza- 
tion (nonsmoothness can also make things difficult). The DLBP's 
objective function is nonlinear. 



6.9 Heuristic Performance Analysis 

Of interest in the assessment of heuristics is their "worst-case" and 
"average-case" performance (Tovey, 2002). Average-case analysis 
often involves simply devising a benchmark (a set of supposedly 
typical instances), running the heuristic and its competitors on them, 
and comparing the results. Some experiments that have been done 
tend to confirm the suspicion that average behavior is generally 
much better than worst-case behavior (Garey and Johnson, 1979). It 
should be noted that designing a benchmark is considered to be dif- 
ficult and it can affect the results. However, in order to compute 
average-case performance, some probability distribution on the 
instances must first be assumed and it is often not clear what distri- 
bution to choose (one way to avoid this is to use algorithms that do 
their own randomizing; Rabin, 1976). The distributions under which 
heuristics can be analyzed with currently available techniques can be 
quite different from the actual distributions that occur in practice, where 
instances tend to be highly structured (including biases that can be dif- 
ficult to capture mathematically) and distributions that can change in 
unpredictable ways as time passes. Moreover, average-case results do not 
reveal anything about how heuristics will perform for particular 
instances, whereas worst-case results guarantee at least a bound on this 
performance. Therefore, it is preferential to analyze them in as many 
ways as possible, including both worst-case and average-case perspec- 
tives. These are included as part of the analysis in this book. 
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6.10 Hardware and Software Considerations 

When implementing any chosen algorithms — and especially when 
comparing multiple algorithms — in software, there are a variety of 
items to consider. When a single algorithm is applied, taking advantage 
of available commercial, academic, or open-source software can save 
significant time and can be expected to minimize the chance of errone- 
ous results. However, if multiple algorithms are being compared, it may 
be desirable that all of the search algorithm software used be expressly 
designed, engineered, written, refined, and tested by the researcher; 
that is, not make use of any off-the-shelf programs. This provides con- 
sistency in software architecture, data structures, and, ultimately, the 
time complexity. In addition, any sections of software code that could be 
used by multiple programs should be reused {software reusability can 
readily be performed using, e.g., header files in languages with a struc- 
ture similar to that of the American National Standards Institute's C++). 
After the software engineering is completed, each subroutine and each 
entire program should then be investigated on a variety of test cases. 
The language and programming environment used (e.g., Visual C++) 
and the computer system used (e.g., 1.6 GHz PM x86-family worksta- 
tion with 512 megabytes of random access memory) should also be 
documented as part of the final results. 

During data collection using case-study instances, no programs 
other than the executable under evaluation and those required by the 
operating system should be either running or open. The computer 
software implementation of any search algorithm should be run at 
least three times to obtain an average of the computation time. Solu- 
tion data for use in efficacy analysis should be collected a minimum 
of five times when methodologies possess a probabilistic component 
(e.g., genetic algorithm and ant colony optimization) with the results 
averaged to avoid reporting unusually favorable or unusually poor 
results. The data collection should ideally consist of more runs, how- 
ever, noting that statistically, less than 30 is usually considered a 
"small" sample while a "large" sample is typically not recognized 
until 100 (note that these values correspond to Student-£ and normal 
distribution table sizes). It is especially desirable that in however 
many runs are used, no wide variation in either runtime or solution 
efficacy is seen. A small number of runs may be more practical if it is 
desired that the total time any software is running be minimized in 
order to reduce the total runtime (which may be on the order of hours 
or even days for some search techniques and their associated param- 
eters) in order to ensure memory leaks, garbage collection, and other 
operating system self-maintenance does not corrupt or skew the 
results. 
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CHAPTER 



Disassembly-Line 
Balancing Overview 



7.1 Introduction 

This chapter discusses the specific problem studied in Part II of this 
book in Sec. 7.2. Section 7.3 addresses considerations and assumptions 
about the DISASSEMBLY LINE BALANCING PROBLEM (DLBP) 
model and Sec. 7.4 provides the balancing objectives. 



7.2 The Disassembly-Line Balancing Problem 

In a general product recovery system, end-of-life products are taken 
back from their last owners, in some cases to fulfill a certain demand 
for their items (components) and materials. After retrieval, the end- 
of-life products are sent to a product recovery facility where they are 
sorted, cleaned, and prepared for further processing. The products 
are then sent to a disassembly facility where they are disassembled 
for their items and materials. Items that are demanded for reuse and 
those to be stored are disassembled using nondestructive disassembly. 
The rest of the items, which are demanded for recycling or those 
subject to disposal, are potentially disassembled by using destructive 
disassembly. 

Disassembly is one of the most important elements of product 
recovery operations. In product recovery operations the main 
options are reuse, remanufacturing, recycling, storage, and proper 
disposal. Often, the end-of-life product has to be disassembled 
prior to choosing any product recovery option. With the expense 
involved in the labor-intensive disassembly process, an efficient 
means of disassembly is desirable; this is generally considered to 
be a line. However, paced lines can hold inefficiencies as well, so 
the line must be designed to require the minimum number of work- 
ers (workstations) and ensure similar work times at each station 
(station time). 
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A disassembly line has other concerns, unique to product recovery 
and not found in assembly. One disassembly-unique objective of a prod- 
uct recovery system is the need to determine the optimal number of 
end-of-life products to be ordered from the last owners to meet the 
demand of items to be disassembled for reuse, recycling, storage, and 
disposal. Also, disassembly operations are often associated with high lev- 
els of uncertainty, which adds to the unpredictability of the system. This 
is because most end-of-life products are exposed to varying conditions 
during their useful lives. For example, some items in the product struc- 
ture may have been broken and/or replaced with other items, or the joint 
types might have been changed obstructing the planned disassembly 
operation. Other factors include potential environmental damage, the 
type of motions required to orient a part for removal, types of part removal 
tools required, selection of complete or incomplete (partial) disassembly, 
product part additions/deletions/modifications, destructive or nonde- 
structive disassembly, and others as can be found in Gungor and 
Gupta (2002). 

Disassembly sequencing provides the order in which the compo- 
nents of the end-of-life products are disassembled on the line. The 
main challenge in generating sequences is the computational com- 
plexity of the associated optimization problem. As with most sequenc- 
ing and scheduling problems, generating an optimal combinatoric 
ordering is expected to be an NP-complete problem; as the number of 
items in the product structure grows, the time required to solve the 
problem increases exponentially. 

One of the ways of dealing with increasing complexity is to 
employ heuristic methodologies to solve the problem. Many research- 
ers have utilized the heuristics used in NP-complete scheduling and 
sequencing problems due to their ability to reduce high calculation 
times. Even though these methods do not always guarantee optimal 
solutions they often provide acceptable or near-optimal solutions. 

In essence, Part II of this book addresses the unique characteris- 
tics of the paced disassembly line while providing efficient method- 
ologies for balancing the line and providing a feasible disassembly 
sequence. Since single-objective models fall short in handling these 
problems, multicriteria decision-making models are considered for 
all cases. Precedence relationships and other constraints are also 
accounted for in each methodology. 



7.3 Model Considerations 

The disassembly line can be formulated as a scheduling problem. 
Scheduling problems are described in a triplet 

a \p\ y 

where the single-entry a-field describes the machine environment, 
the /3-field lists processing characteristics and constraints (and may 
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contain one, none, or multiple entries), and the single-entry y-field 
lists the objective to be minimized (Pinedo, 2002). 

A basic disassembly line can be modeled as a first-in first-out 
(FIFO) flow shop (Fm). An FIFO flow shop is referenced as a permu- 
tation flow shop with a = Fm and ji = prmu. The disassembly line also 
has precedence constraints that add the term "prec" to the /3-field. In 
its most basic form, the objective can be thought of as minimizing the 
makespan C max [equal to max(Cj, C 2 ,. . ., C ) and defined as the comple- 
tion time of the last task to be completed in the flow shop — effectively 
seeking to minimize the total number of workstations and / or the cycle 
times at each workstation, though not necessarily for the last one]. 
This would make y = C with the resulting disassembly-line descrip- 
tion formed as 

Fm | prec, prmu | C max 

The DLBP investigated in this book is concerned with the paced 
disassembly line for a single model of product that undergoes com- 
plete disassembly. Part removal times are treated as being known 
and discrete; hence they do not posses any probabilistic compo- 
nent. A summary of model assumptions is listed at the end of this 
section. 

The desired solution to a DLBP instance consists of an ordered 
sequence (i.e., n-tuple) of work elements (also referred to as tasks, 
components, or parts). For example, if a solution consisted of the 
eight-tuple (5, 2, 8, 1, 4, 7, 6, 3), then component 5 would be removed 
first, followed by component 2, then component 8, and so on. 

While different authors use a variety of definitions for the term 
"balanced" in reference to assembly (Elsayed and Boucher, 1994) and 
disassembly lines, because many of these uses never actually address 
equalizing idle times (i.e., the balancing of the line) the following 
definition (McGovern et al., 2003; McGovern and Gupta, 2006c) is 
used consistently throughout this book. 

Definition 7.1 

A disassembly line is optimally balanced when the fewest possible number of 
workstations is needed and the variation in idle times between all workstations is 
minimized, while observing all constraints. This is mathematically described by 

Minimize NWS 

then 

Minimize [max (ST ) - min (ST )] V x, y e [1, 2, . .., NWS). 

Line balancing can be visualized as in Fig. 7.1. The five large 
boxes represent workstations with the total height of these boxes 
indicating cycle time CT (the maximum time available at each work- 
station). The smaller numbered boxes represent each part (1 through 
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Figure 7.1 Line-balancing depiction. 



10 



11 



ST-i 



ST? 



ST, 



ST, ST= 



11 here) with each being proportionate in height to its corresponding 
part removal time (and the sum of these in each workstation / totaling 
that workstation's station time ST.). The gray area is indicative of the 
idle time I. at each workstation j. 

Except for some minor variation in the greedy approach, all of the 
combinatorial optimization techniques demonstrated here use a sim- 
ilar methodology to address the multicriteria aspects of the DLBP. 
Since measure of balance is the primary consideration in this book, 
additional objectives are only considered subsequently; that is, the 
methodologies first seek to select the best performing measure of 
balance solution; equal balance solutions are then evaluated for 
hazardous part removal positions; equal balance and hazard mea- 
sure solutions are evaluated for high-demand part removal positions; 
and equal balance, hazard measure, and high-demand part removal 
position solutions are evaluated for the number of direction changes. 
This priority ranking approach is selected over a weighting scheme 
for its simplicity, ease in reranking the priorities, ease in expanding or 
reducing the number of priorities, due to the fact that other weighting 
methods can be readily addressed at a later time, and primarily to 
enable unencumbered efficacy (a method's effectiveness in finding 
good solutions) analysis of the combinatorial optimization method- 
ologies and problem data instances under consideration (Sec. 12.3 
provides a more detailed explanation of the selection and formula- 
tion of the multicriteria approach). 

A mathematical model has been formulated to quantitatively 
address the DLBP (McGovern et al., 2003; McGovern and Gupta, 
2003a, 2007a). Model assumptions include the following: 

• The line is paced. 

• Part removal times are deterministic, constant, and discrete 
(or able to be converted to integer form). 

• Part removal times may refer to virtual parts (i.e., tasks not 
associated with a unique part's immediate removal). 

• There is no preemption (i.e., tasks are not interrupted, once a 
task starts, it is completed). 
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• Each product undergoes complete disassembly (even if 
demands are zero). 

• All products contain all parts with no additions, deletions, 
modifications, or physical defects. 

• Each task is assigned to one and only one workstation. 

• The sum of the part removal times of all the tasks assigned to 
a workstation must not exceed the cycle time. 

• The precedence relationships among the parts must not be 
violated. 



Balancing Objectives 

The overall purpose of this book is to detail the development of envi- 
ronmentally benign and economically sound product recovery sys- 
tems. All the demonstrated methodologies aim at specific objectives 
while fulfilling this primary goal. 

In attaining this, Part II of this book establishes a first goal of 
accurately describing and then mathematically modeling the multi- 
criteria DISASSEMBLY LINE BALANCING PROBLEM. The second 
goal is to establish exactly how difficult a problem disassembly-line 
balancing is by using the field of complexity theory. The next goal is 
the determination of data sets and evaluation criteria for use in the 
analysis of the problem as well as in analysis of the solution-generating 
techniques. Based on the complexity theory results, appropriate 
methodologies are then employed and compared in solving the 
DISASSEMBLY LINE BALANCING PROBLEM (i.e., generating 
feasible disassembly sequences that balance the disassembly line 
and address other product recovery concerns). 

These goals are achieved by making use of several fields of study. 
These include set theory, logic, probability, counting techniques (gener- 
ating functions), statistics, computer science, software engineering, 
complexity theory, combinatorial optimization, multicriteria decision- 
making, algorithm design, data structures, heuristics /metaheuristics/ 
hybrids, scheduling and sequencing, production analysis, graph 
theory, combinatorics, simulation, manufacturing, discrete mathe- 
matics, and operations research. 
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CHAPTER 



Description of 
the Disassembly 
Line and the 
Mathematical Model 



8.1 Introduction 

This chapter provides the mathematical foundations for the study of 
the DISASSEMBLY LINE BALANCING PROBLEM (DLBP). The 
multiple objectives for the DLBP are first described, and then each of 
these is generated using mathematical formulae. These formulae are 
essential in enabling a thorough efficacy analysis of a given solution 
sequence as performed in later chapters and as may be expected to be 
conducted in future studies. 

The chapter is organized as follows: Section 8.2 explains the five objec- 
tives in solving the DISASSEMBLY LINE BALANCING PROBLEM, 
provides a generalized description of the problem, and generates the 
first descriptive formulae. Section 8.3 presents the balance measure, 
the lower bound on the number of workstations and its proof, the 
upper bound on the number of workstations, and upper and lower 
bounds of the balance measure. Section 8.4 presents the hazardous 
part measure and provides its lower and upper theoretical bounds. 
Section 8.5 presents the high-demand parts measure and provides its 
lower and upper theoretical bounds. Section 8.6 presents the part 
removal direction measure and provides its lower and upper theo- 
retical bounds. Section 8.7 explains extensions to these formulae, 
while Sec. 8.8 details the use of matrices in formatting the precedence 
relationships, primarily for use by computer software. 

Note that the upper and lower bounds on the balance, hazard, 
demand, and direction formulae and their theoretical bounds are 
dependent upon favorable precedence constraints that will allow for 



101 



102 Disassembly-Line Balancing 



generation of these measures. In addition, these bounds are only 
applicable to the individual measures and may not be attainable 
when all measures are considered simultaneously. 



8.2 Problem Overview 

The particular problem investigated in Part II seeks to fulfill the fol- 
lowing five objectives: 

1. Minimize the number of disassembly workstations and 
hence, minimize the total idle time. 

2. Ensure the idle times at each workstation are similar. 

3. Remove hazardous components early in the disassembly 
sequence. 

4. Remove high-demand components before low-demand 
components. 

5. Minimize the number of direction changes required for 
disassembly. 

A major constraint is the requirement to provide a feasible (i.e., prece- 
dence preserving) disassembly sequence for the product being investi- 
gated. The result is modeled as an integer, deterministic, n-dimensional, 
multicriteria decision-making problem with an exponentially growing 
search space (where n represents the number of parts for removal). Test- 
ing a given solution against the precedence constraints fulfills the major 
constraint of precedence preservation. Minimizing the sum of the 
workstation idle times I, which will also minimize the total number 
of workstations NWS, attains objective 1 and is described by 

7 = (NWS-CT)-^PRT t (8.1) 

or 

NWS 

I=£(CT-ST.) (8.2) 

/=i 

This objective is represented as 

NWS 

Minimize Z t = (CT- ST.) (8.3) 

H 

where each station time ST. is given by 

ST =£PRT, X V; (8.4) 
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and 




0, otherwise 



1, if part k is assigned to workstation / 



(8.5) 



8.3 Balance Measure and Theoretical Bounds 
Formulation 



Line balancing seeks to achieve perfect balance (all idle times equal to 
zero). When this is not achievable, either line efficiency or the smooth- 
ness index is often used as a performance evaluation tool (Elsayed and 
Boucher, 1994). 

The smoothness index rewards similar idle times at each work- 
station, but at the expense of allowing for a large (suboptimal) num- 
ber of workstations. This is because the smoothness index compares 
workstation-elapsed times to the largest ST. instead of to CT. [This 
index is very similar in format to the sample standard deviation from 
the field of statistics, but using max(ST) \j e jl, 2, NWS} rather 
than the mean of the station times.] Line efficiency rewards the min- 
imum number of workstations but allows unlimited variance in idle 
times between workstations because no comparison is made 
between ST.'s. This text makes use of a measure of balance that com- 
bines the two and is easier to calculate. The balancing method devel- 
oped by McGovern et al. (2003; McGovern and Gupta, 2003b) seeks 
to simultaneously minimize the number of workstations while 
ensuring that idle times at each workstation are similar, though at 
the expense of the generation of a nonlinear objective function. The 
method is computed based on the minimum number of worksta- 
tions required as well as the sum of the square of the idle times for 
each of the workstations. This penalizes solutions where, even 
though the number of workstations may be minimized, one or more 
have an exorbitant amount of idle time when compared to the other 
workstations. It also provides for leveling the workload between 
different workstations on the disassembly line. Therefore, a result- 
ing minimum numerical performance value is the more desirable 
solution, indicating both a minimum number of workstations and 
similar idle times across all workstations. The measure of balance F 
is represented as 



NWS 



F= £ (CT-ST) 2 



(8.6) 



with the DLBP balancing objective represented as 



NWS 



Minimize Z 2 = £ (CT-ST ; .) 2 
;=i 



(8.7) 
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Perfect balance is indicated by 

Z 2 = (8.8) 

Note that mathematically, Eq. (8.7) effectively makes Eq. (8.3) redun- 
dant due to the fact that it concurrently minimizes the number of 
workstations. 

Theorem 8.1 Let PRT t be the part removal time for the fcth of n parts where CT 
is the maximum amount of time available to complete all tasks assigned to each 
workstation. Then for the most efficient distribution of tasks, the lower bound 
on the number of workstations NWS, satisfies 



NWS,. 



CT 



(8.9) 



Proof: If the above equality is not satisfied, then there must be at least one 
workstation completing tasks requiring more than CT of time, which is a con- 
tradiction. 

Subsequent bounds are shown to be true in a similar fashion and 
are presented throughout the chapter without proof. 

The optimal number of workstations NWS* cannot be any better 
than the lower bound, therefore, 

NWS" > NWS, (8.10) 

lower v ' 

The upper bound for the number of workstations NWS is given by 

r r upper O J 



NWS = n (8.11) 

upper v ' 



therefore, 



CT 



<NWS<n 



(8.12) 



The lower bound F, on F is seen to be 

lower 



' I ^ 



lower 



, NWS, 

V lower / 



NWS 



lower 



which simplifies to 



I 2 



NWS,, 



(8.13) 



and is related to the optimal balance F by 



F* > F. 



(8.14) 
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while the upper bound is described by the worst-case balance F as 

JT r J upper 

f upP e r =i(CT-PRT,) 2 (8.15) 



upper 

k=l 



therefore, 

m | <F<£(CT-PRT^ (8.16) 

lower fc=l 

The cycle time is bounded by 

n 

max(PRT it )<CT<^PRT jc CTeN,V)teP (8.17) 

where N represents set of natural numbers; that is, (0, 1,2, . . . ) and P 
is the set of n part removal tasks. 

8.4 Hazard Measure and Theoretical Bounds 
Formulation 

A hazard measure H quantifies each solution sequence's performance 
in removing hazardous parts, with a lower calculated value being 
more desirable (McGovern and Gupta, 2003a, 2007a). This measure is 
based on binary variables that indicate whether a part is considered 
to contain hazardous material (set equal to 1 if the part is hazardous, 
else 0) and its position in the sequence. A given solution sequence 
hazard measure is defined as the sum of hazard binary flags multi- 
plied by their position in the solution sequence, thereby rewarding 
the removal of hazardous parts early in the part removal sequence. 
This measure is represented as 

JL fl, hazardous 

H = 2>fep Sl ) h ps = (8-18) 
*■-=! " [0, otherwise 

where PS A . identifies the kth part in the solution sequence PS; for 
example, for solution (3, 1, 2), PS 2 = 1. The DLBP hazardous part 
objective is represented as 

n 

Minimize Z 3 = ^(k ■ h FS ) (8.19) 

k=i * 

The lower bound H lower on H is given by 



|HP| 

^lower ^Lf P 



(8.20) 
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where the set of hazardous parts HP is defined as 

HP={k:h k itO VkeP] (8.21) 
Its cardinality can be calculated with 

|HP|=i>, ( 8 - 22 ) 

k=l 

The lower bound is related to the optimal hazard measure H* by 

H" > H. (8.23) 

lower x ' 

For example, three hazardous parts would give a best-case Hj 
value of 1 + 2 + 3 = 6. The upper bound on the hazardous part mea- 
sure is given by 

;/ 

H upP e r = I V (8.24) 

p=n-|HP|+l 

For example, three hazardous parts in a total of twenty would give a 
worst-case H value of 18 + 19 + 20 = 57. Equations (8.20) and (8.24) 

upper 1 v / v / 

are combined to give 

|HP| n 

Xp<H< X P (8.25) 

p=l p=n-|HP|+l 



8.5 Demand Measure and Theoretical Bounds 
Formulation 

A demand measure D quantifies each solution sequence's perfor- 
mance in removing high-demand parts, with a lower calculated value 
being more desirable (McGovern and Gupta, 2003a, 2007a). This mea- 
sure is based on positive integer values that indicate the quantity 
required of a given part after it is removed — or if it is not desired — 
and its position in the sequence. A solution sequence demand mea- 
sure is then defined as the sum of the demand value multiplied by 
that part's position in the sequence, rewarding the removal of high- 
demand parts early in the part removal sequence. This measure is 
represented as 



D = £(*-dpJ dp S 6NVPS r (8.26) 

jt=i 

The DLBP part-demand objective is represented as 

n 

Minimize Z 4 = £ (k ■ d FS ) (8.27) 
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The lower bound on the demand measure D lower is given by Eq. (8.26) 
where 

d P Sl ^Ps 2 ^"^PS„ (8- 28 ) 
and is related to the optimal demand measure D* by 

D" > D. (8.29) 

lower v ' 

For example, three parts with demands of 4, 5, and 6 respectively 
would give a best-case value of (1 • 6) + (2 • 5) + (3 • 4) = 28. The 
upper bound on the demand measure (D upper ) is given by Eq. (8.26) 
where 

d p Sl ^PS 2 ^"^PS„ (8- 3 °) 

For example, three parts with demands of 4, 5, and 6 respectively 
would give a worst-case value of (1 • 4) + (2 • 5) + (3 • 6) = 32. 



8.6 Direction Measure and Theoretical Bounds 
Formulation 

Finally, a direction measure R quantifies each solution sequence's 
performance in removing parts with the same orientation together, 
with a lower calculated value indicating minimal direction changes 
and hence a more desirable solution (McGovern and Gupta, 2003a, 
2007a). This measure is based on a count of the direction changes. 
Integer values represent each possible direction (typically r = {+x, -x, 
+y, -y, +z, -z}; in this case \r\ = 6). These directions are expressed as 



'PS, 



(8.31) 



+1, direction +x 
-1, direction —x 
+2, direction +y 
-2, direction -y 
+3, direction +z 
-3, direction -z 

and are easily expanded to other or different directions in a similar 
manner. The direction measure is represented as 



J 1 ' H * r Ps,- + i 
0, otherwise 



(8.32) 
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with the DLBP part-direction objective represented as 

n-1 

Minimize Z 5 = £ R k (8.33) 

k=l 

The lower bound jR. on the direction measure R is given by 

Rio™, = 1*1-1 ( 8 -34) 
and is related to the optimal direction measure R* by 

R* > R, (8.35) 

lower v ' 

For example, for a given product containing six parts that are installed / 
removed in directions (-y, +x, -y, -y, +x, +x), the resulting best-case 
value would be 2 - 1 = 1 (e.g., one possible R* solution containing the 
optimal, single-change of product direction would be: (-y, -y, -y, +x, 
+x, +x)). In the specific case where the number of unique direction 
changes is one less than the total number of parts n, the upper bound 
on the direction measure would be given by 

# upper = \ r \ where \r\ = n - 1 (8.36) 

Otherwise, the measure varies depending on the number of parts 
having a given removal direction and the total number of removal 
directions. It is bounded by 

|r| < R uppei < n - 1 where \r\ < n - 1 (8.37) 

For example, six parts installed/ removed in directions (+x, +x, +x, -y, 
+x, +x) would give an R u per value of 2 as given by the lower bound of 
Eq. (8.37) with a possible solution sequence of, for instance, {+%, +x, 
-y, +x, +X, +x). Six parts installed/removed in directions (-y, +x, -y, 
-y, +x, +x) would give an -R upper value of 6 - 1 = 5 as given by the upper 
bound of Eq. (8.37) with a solution sequence, for example, of (-y, +x, 
-y, +x, -y, +x). 

In the special case where each part has a unique removal direc- 
tion, the measures for R. and R are equal and given by 

' lower upper 1 o J 

R =R =n-l where |r| = n (8.38) 

lower upper 11 x ' 



8.7 Models and Measures as Prototypes 

It is important to note that the H, D, and R metrics are also intended 
as forming the three basic prototypes of any additional disassembly- 
line evaluation criteria. These three different models are then the 
basis for developing differing or additional objectives. 

The H metric is used as the prototype for any binary criteria; for 
example, a part could be listed according to the two categories "valu- 
able" and "not valuable." 

The D metric is used as the prototype for any known value (integer 
or real) criteria; for example, a part can be assigned a D-type metric 
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which contains the part's actual dollar value. It could also be used to 
model a hazard metric where different numbers are assigned to haz- 
ardous parts with the size of the assigned value in proportion to the 
level of hazard (e.g., would represent a part that was of no hazard, a 
value of 1 would indicate a slight hazard, 2 slightly higher, etc.). 

The R metric is used as the prototype for any adjacency or grouping 
criteria; for example, a part could be categorized as "glass," "metal," or 
"plastic" if it were desirable to remove parts together in this form of 
grouping. These groupings also have a hazardous material application as 
well. That is, certain hazardous materials may be desired to be all removed 
at the same or at nearby workstations. Alternatively, certain materials 
might be incompatible and could be hazardous or dangerous if com- 
bined. In these cases, the R metric would be the appropriate choice. 

It is again emphasized that attainment of the previously defined 
hazard, demand, and direction formulae upper and lower bounds is 
dependent upon favorable precedence constraints that will allow for 
generation of these optimal or nominal measures. 



Matrices for Precedence Representation 

Processing a model's representation on a computer requires that the 
information about the product be presented in a way that is com- 
plete, concise, and lends itself to manipulation in a format suitable 
for and understandable by a machine. For many researchers, the 
mathematical format provided by the use of matrices best meets all 
of these criteria. 

One example of presenting the data needed for disassembly cal- 
culations in a matrix format can be seen in Li et al. (2010). This format 
is made up of two matrices: the contacting matrix and the disassem- 
bly precedence matrix. 

The contacting matrix is square matrix of order n. It is a binary 
matrix [or logical matrix or (0, l)-matrix] where 0s indicate there is 
no contact between the part in the column and the part in the row 
and Is indicate there is some type of physical contact (not necessar- 
ily a bond; e.g., nut and bolt, adhesive, screw, or weld requiring 
breaking — mechanical, chemical, or otherwise — between the two). 
As such, this matrix is a symmetric matrix with zeros on the main 
diagonal. In the example seen in Fig. 8.1, part 5 (i.e., row 5) is in contact 
with parts 1, 2, 3, and 6 (columns 1, 2, 3, and 6) and vice versa. 

The disassembly precedence matrix is also a square matrix of order n. It 
is again a binary matrix with zeros on the main diagonal, however it is 
not symmetric. This matrix indicates blocking rather than contact. That 
is, the data in the matrix identifies parts that must be removed (listed in 
the column header) before a given part can be removed (listed in the 
row header). Note that the parts that must be removed first do not nec- 
essarily need to be in contact with the part they obstruct (see Figs. 8.1 
and 8.2, which are both generated from the same notional product); for 
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Figure 8.1 
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Figure 8.2 
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example, part 1 and part 5 are in contact, but neither obstructs the oth- 
er's removal. In the disassembly precedence matrix, Os indicate there is 
no blocking between the part in the column and the part in the row, and 
Is indicate there is some type of restriction that must be addressed. 
Since the matrix is not symmetric, the most intuitive way to read the 
data may be from the column to the row. In the example seen in Fig. 8.2, 
part 4 (column 4) must be removed before parts 1, 2, 3, or 6 (rows 1, 2, 3, 
and 6) could possibly be removed. Also, reading from row to column, it 
can be seen that, for example, part 1 (row 1) cannot be removed until 
parts 2, 3, 4, and 6 (columns 2, 3, 4, and 6) are removed. 

To summarize, the contacting matrix indicates all pairs of parts 
that are in contact with each other (but not necessarily blocking the 
removal of one or the other), while the disassembly precedence matrix 
indicates parts that block the removal of other parts (though the parts 
are not necessarily in contact). 
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9.1 Introduction 

While Chap. 8 mathematically defined the DISASSEMBLY LINE 
BALANCING PROBLEM (DLBP), this chapter proves that it belongs to 
the class of NP-complete problems, necessitating specialized solution 
techniques. 

In order to attempt to solve the DLBP, its structure and complex- 
ity first must be established and understood. In this chapter, Sec. 9.2 
proves that the decision version of DLBP is NP-complete. Section 9.3 
proves that the decision version of DLBP is NP-complete in the strong 
sense. Section 9.4 proves that DLBP is NP-hard. 

This chapter uses the compact proof format used by Garey and 
Johnson (1979). Although this format is slightly more detailed than that 
used by Karp (1972), additional information is still provided in some of 
the proofs in this chapter including the listing of analogous elements in 
DLBP and MULTIPROCESSOR SCHEDULING prior to Theorem 9.2 
and the discussion showing DLBP e NP in Theorem 9.2. 



The decision version of DLBP is NP-complete (McGovern and Gupta, 
2004a, 2006b, 2007a). This can be shown through a proof by restriction 
to one of the known NP-complete problems (PARTITION). PARTI- 
TION is described by the following. 

Instance: A finite set A of tasks, a size s(a) e Z + for each a e A. 

Question: Is there a partition A' c A into two disjoint sets such that 



Theorem 9.1 The decision version of DLBP is NP-complete (verification is omit- 
ted for brevity; the decision version of DLBP is easily seen to be solvable in 
polynomial time by a nondeterministic algorithm; see Theorem 9.2). 



9.2 DLBP NP-Completeness 




,s(a)? 



Ill 
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Instance: A finite set P of tasks, partial order -< on P, task time PRT t e Z + , 
hazardous part binary value h k e {0, 1), part demand d.e N, and part removal 
direction r t e Z for each teP, workstation capacity CT € Z + , number NWS € Z + of 
workstations, difference between largest and smallest idle time V e N, hazard mea- 
sure H € N, demand measure D € N, and direction change measure R e N. 

Question: Is there a partition of P into disjoint sets P A , P B , P NVVS such that the 
sum of the sizes of the tasks in each P K is CT or less, the difference between largest 
and smallest idle times is V or less, the sum of the hazardous part binary values 
multiplied by their sequence position is H or less, the sum of the demanded 
part values multiplied by their sequence position is D or less, the sum of the 
number of part removal direction changes is R or less, and it obeys the prece- 
dence constraints? 

Proof: Clearly the decision version of DLBP is in NP (see Theorem 9.2 for details). 
PARTITION < p DLBP. Restrict to PARTITION by allowing only instances in 
which CT = (SJLjPRT* )/2eZ+,V=0, -< is empty, and h x = h y , d x = i. r = r V x, 
y e P. Therefore, the decision version of DLBP is NP-complete. 

Informally, PARTITION is a subset of DLBP; that is, some DLBP 
instances look like PARTITION instances. It can also be viewed that 
DLBP contains PARTITION within it. Other problems that are formu- 
lated similarly to DLBP substantiate the suspicion that this problem is 
NP-complete. In addition, these similar problems can be easily used to 
prove DLBP belongs to the class NP-complete. They include problems 
from the areas of storage and retrieval (BIN PACKING), mathematical 
programming (KNAPSACK), sets and partitions (3-PARTITION), and 
sequencing and scheduling (MULTIPROCESSOR SCHEDULING, 
PRECEDENCE CONSTRAINED SCHEDULING). 

Note that the addition of precedence constraints (i.e., -< not 
empty) can both reduce the search space and may provide promise 
for an effective pseudopolynomial-time algorithm. This observation 
may be primarily academic since, unless it is a process similar to 
branch-and-bound or some type of preprocessing is performed on 
the instance, many search techniques (including the ones in this book) 
first consider a solution, and then determine if it is feasible. Also, it is 
the requirement to check every possibility that causes many prob- 
lems having partial orders (e.g., PARTIALLY ORDERED KNAPSACK) 
to be NP-complete. In addition, precedence constraints invariably add 
a layer of complexity to the search, with problems possessing prece- 
dence constraints still being found to be NP-complete (primarily 
sequencing and scheduling problems such as the previously men- 
tioned MULTIPROCESSOR SCHEDULING and PRECEDENCE 
CONSTRAINED SCHEDULING problems). Note that just determin- 
ing if a feasible solution to DLBP exists can be seen to be the same 
problem as DIRECTED HAMILTONIAN CIRCUIT, an NP-complete 
problem [e.g., transform HAMILTONIAN CIRCUIT to DIRECTED 
HAMILTONIAN CIRCUIT by replacing each edge [p, q] in the undi- 
rected graph with the two arcs (p, q) and (q, p)\. Finally, with DLBP 



Computational Complexity of DLBP 



able to be modeled both as a flow shop and as a multicriteria ver- 
sion of an assembly line, it should come as no surprise that DLBP is 
NP-complete since it is obviously in NP and the simple assembly-line 
balancing type I (SALB-I) problem is regularly described as NP- 
hard; also, the FLOW-SHOP SCHEDULING problem has been proven 
to be NP-complete (Garey and Johnson, 1979). 



9.3 DLBP NP-Completeness in the Strong Sense 

The decision version of DLBP is NP-complete in the strong sense 
(McGovern and Gupta, 2005c, 2006b, 2007c). This can be shown through 
a proof by restriction to MULTIPROCESSOR SCHEDULING; note that 
some authors (e.g., Papadimitriou and Steiglitz, 1998) define the 
problem differently (e.g., they include precedence constraints and 
require task lengths to be equal). Garey and Johnson (1979) describe 
MULTIPROCESSOR SCHEDULING as explained next. 

Instance: A finite set A of tasks, a length 1(a) e Z + for each aeA,a number m e Z + 
of processors, and a deadline B e Z + . 

Question: Is there a partition A = A 1 U A 2 U ■ • • U A of A into m disjoint sets 
such that max[I flE A 1(a) : 1 < /' < m] < B? 

In DLBP, NWS is equivalent to m in MULTIPROCESSOR SCHED- 
ULING, P is equivalent to A, while CT is equivalent to B. 
The next theorem provides the proof. 

Theorem 9.2 The decision version of DLBP is NP-complete in the strong sense. 

Instance: Afinite set P of tasks, partial order -< on P, task time PRT t e Z + ,hazard- 
ous part binary value h k e (0, 1 ), part demand d k e N, and part removal direction 
r t € Z for each ke P, workstation capacity CT e Z + , number NWS € Z + of work- 
stations, difference between largest and smallest idle time V e N, hazard mea- 
sure H € N, demand measure D € N, and direction change measure ReN. 

Question: Is there a partition of P into disjoint sets P., P B , . . ., P NWS such that 
the sum of the sizes of the tasks in each P x is CT or less, the difference between 
largest and smallest idle times is V or less, the sum of the hazardous part 
binary values multiplied by their sequence position is H or less, the sum of the 
demanded part values multiplied by their sequence position is D or less, the 
sum of the number of part removal direction changes is R or less, and it obeys 
the precedence constraints? 

Proof: DLBP e NP. Given an instance, it can be verified in polynomial time if the 
answer is "yes" by counting the number of disjoint sets and showing that they 
are NWS or less, summing the sizes of the tasks in each disjoint set and showing 
that they are CT or less, examining each of the disjoint sets and noting the largest 
and the smallest idle times then subtracting the smallest from the largest and 
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showing that this value is V or less, summing the hazardous part binary values 
multiplied by their sequence position and showing this is H or less, summing the 
demanded part values multiplied by their sequence position and showing that 
this is D or less, summing the number of changes in part removal direction and 
showing that this is R or less, and checking that each task has no predecessors 
listed after it in the sequence. 

MULTIPROCESSOR SCHEDULING < p DLBR Restrict to MULTIPROCESSOR 
SCHEDULING by allowing only instances in which V = CT, -< is empty, and 
h = h , d = d , r = r V x, y e P. Therefore, the decision version of DLBP is 

x y x y X y ' J ' 

NP-complete in the strong sense. 

It is easy to see that the BIN-PACKING problem is also similar to 
DLBP. The BIN-PACKING problem is NP-complete in the strong 
sense (it includes 3-PARTITION as a special case) which indicates 
that there is little hope in finding even a pseudopolynomial time opti- 
mization algorithm for it. 



9.4 DLBP NP-Hardness 

DLBP is NP-hard (McGovern and Gupta, 2005b, 2006b). This can be 
shown in two steps (Garey and Johnson, 1979) by showing 

1. The NP-complete decision problem is no harder than its opti- 
mization problem. 

2. The decision problem is NP-complete. 

This constitutes a proof that the optimization problem is NP-hard. Note 
that SALB-I is claimed to be NP-hard (Elsayed and Boucher, 1994). 

Theorem 9.3 DLBP is NP-hard. 

Proof: Shown in two steps: 

1. The decision version of DLBP is no harder than its optimization version. 
Both versions require preservation of the precedence constraints. The 
optimization version of DLBP asks for a sequence that has the minimum 
difference between largest and smallest idle times among all disjoint sets, 
the minimum sum of hazardous part binary values multiplied by their 
sequence position, the minimum sum of demanded part values multi- 
plied by their sequence position, and the minimum number of part 
removal direction changes. The decision version includes numerical 
bounds V, H, D, and R as additional parameters and asks whether there 
exists NWS disjoint sets with a difference between largest and smallest 
idle times no more than V, a sum of hazardous part binary values multi- 
plied by their sequence position no more than H, a sum of demanded 
part values multiplied by their sequence position no more than D, and a 
number of part removal direction changes no more than R. So long as the 
difference between largest and smallest idle times, the sum of hazardous 
part binary values multiplied by their sequence position, the sum of 
demanded part values multiplied by their sequence position, and the 
number of part removal direction changes is relatively easy to evaluate, 
the decision problem can be no harder than the corresponding optimization 
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problem. If a minimum difference between the largest and smallest idle 
times, a minimum sum of hazardous part binary values multiplied by 
their sequence position, a minimum sum of demanded part values mul- 
tiplied by their sequence position, and a minimum number of part 
removal direction changes could be found for the DLBP optimization 
problem in polynomial time, then the associated decision problem could 
be solved in polynomial time. This would require finding the minimum 
idle time and the maximum idle time from all NWS subsets, compute the 
difference, and compare that difference between largest and smallest idle 
times to the given bound V; sum all the hazardous part binary values 
multiplied by their sequence position and compare that sum to the given 
bound H; sum all the demanded part values multiplied by their sequence 
position and compare that sum to the given bound D; and sum all of the 
part removal direction changes and compare that sum to the given bound 
R. Therefore, the decision version of DLBP is no harder than its optimiza- 
tion version. 

2. From Theorems 9.1 and 9.2, the decision version of DLBP is NP-complete. 
Therefore, from (1) and (2), DLBP is NP-hard. 
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Combinatorial 
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10.1 Introduction 

Due to the complexity of the DISASSEMBLY LINE BALANCING 
PROBLEM (DLBP) there is currently no known way to optimally 
solve even moderately sized instances of the problem; therefore, 
alternatives must be considered. In fully conducting a combinatorial 
optimization treatment of this problem, several combinatorial 
optimization techniques are selected in order to solve the DLBP. 
While each was selected based upon its unique approach to obtaining 
a solution, because none can be expected to consistently generate 
the optimal solution, these methodologies are also analyzed both by 
studying their solutions to multiple and varied problem instances 
and then by comparing the solutions generated by each to one 
another. 

This chapter focuses on providing an introduction to the 
diverse group of seven searches used here. Section 10.2 introduces 
combinatorial optimization and then lists the four areas from 
which the techniques used are selected from. Section 10.3 introduces 
exhaustive search. Section 10.4 reviews the genetic algorithm (GA) 
and then Sec. 10.5 provides an overview of ant colony optimization 
(ACO). Section 10.6 reviews the greedy algorithm, while Sec. 10.7 
introduces the purpose-built adjacent element hill-climbing heuristic. 
The ^-optimal (fc-opt; note that "fc-opt" is the search's commonly 
used name but it has no relation to our use of the variable k in the 
DLBP) heuristic is seen in Sec. 10.8. Finally, the deterministic, 
uniformed search technique of the H-K general purpose heuristic 
is detailed in Sec. 10.9. 
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10.2 Combinatorial Optimization Methodologies 

This book demonstrates techniques from combinatorial optimization, 
a field that combines a variety of solution methodologies to solve 
combinatoric (i.e., the study of discrete objects, often specifically refer- 
ring to permutations) problems, of which the DLBP is one. Combina- 
torial optimization is a branch of optimization in applied mathematics 
and computer science that is related to operations research, algorithm 
theory, and computational complexity theory. Sometimes referred to 
as "discrete optimization," the domain of combinatorial optimization 
is optimization problems where the set of feasible solutions is discrete 
(or can be reduced to a discrete one) with the goal of finding the best 
possible solution. Solution methods are generally suboptimal and 
include heuristics (such as tabu search and simulated annealing) and 
metaheuristics (such as swarm intelligence and genetic algorithms). 

While exhaustive search consistently provides the problem's 
optimal solution, its time complexity quickly limits its practicality. 
Combinatorial optimization techniques allow for the generation of a 
solution, though the solution may often be suboptimal. Here, seven 
techniques are used for study and comparison. They include two 
probabilistic distributed intelligent agent metaheuristics, two basic 
deterministic searches, and two hybrid techniques, as well an opti- 
mal exhaustive search to serve as a benchmark. 

The probabilistic distributed intelligent agent metaheuristics include 
the genetic algorithm and ant colony optimization; the purely deter- 
ministic searches include the greedy algorithm and the H-K general- 
purpose heuristic; the hybrid techniques include the greedy /hill 
climbing hybrid heuristic and the greedy/2-optimal (2-opt) heuristic. 
These processes are then applied to four instances for analysis and 
evaluation. 

From the name of the nineth century Persian mathematician Abu 
Abdullah Muhammad bin Musa al-Khwarizmi, the word "algorism" 
originally referred only to the rules of performing arithmetic using 
Arabic numerals then became "algorithm" by the eighteenth century. 
The word has now evolved to include all formalized procedures for 
solving problems or performing tasks. In the field of computer science 
a search algorithm takes a problem and its instance as input and returns 
a solution, usually after evaluating a number of possible solutions. 
The set of all possible solutions to a problem instance is the search space 
(the set of all permutations of n for the DLBP; note that this is different 
from the feasible search space, generally a smaller set that consists of all 
permutations of n that are also feasible solution sequences). 

Brute-force search and British Museum search are both terms used to 
refer to exhaustive search, which requires the checking of every pos- 
sible solution in order to determine the optima, typically by perform- 
ing a depth-first search or breath-first search throughout the search space. 
The drawback is that most search spaces are extremely large and an 
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exhaustive search of a combinatoric problem instance will only take a 
reasonable amount of time for small examples. Exhaustive search 
techniques (e.g., pure depth-first or pure breadth-first) will fail to 
find a solution to any but the smallest instances within any practical 
length of time. 

Blind search, weak search, naive search, and uninformed search are all 
terms used to refer to algorithms that use the simplest, most intuitive 
method of searching through the search space, whereas informed search 
algorithms use heuristics to apply knowledge about the structure of 
the search space. An uninformed search algorithm is one that does not 
take into account the specific nature of the problem. This allows 
uninformed searches to be implemented in general, with the same 
implementation able to be used in a wide range of problems. In this 
book, the uninformed searches include Exhaustive Search and H-K. 
While the Exhaustive Search used here is a traditional depth-first search 
modified for the DISASSEMBLY LINE BALANCING PROBLEM, H-K 
seeks to take advantage of the benefits of uninformed search while 
addressing its drawbacks of runtime growth with instance size. 

A heuristic is any problem-specific step-by-step set of procedures 
or rules. It is commonly understood to refer to a "rule-of -thumb" and 
comes from the Greek verb for "to find or discover." In combinatorial 
optimization it is a general class that refers to any approach that does 
not provide a formal guarantee of optimality (Papadimitriou and 
Steiglitz, 1998). Local search is a type of heuristic often used in solving 
combinatorial optimization problems. Given a search space, local 
search starts from an initial solution (often randomly generated) and 
then iteratively moves from one possible (candidate) solution to another 
in search of a solution that is both feasible and better performing 
than the best found so far. This continues until some stopping condi- 
tion is met, usually when there are no better performing candidates 
in the neighborhood. Examples of local search include A:-opt and hill- 
climbing algorithms. Hill-climbing and k-opt algorithms stop when a 
node is reached where all the node's children have lower perfor- 
mance measures. It performs well if the performance measure is 
locally consistent, that is, if the nodes with the best performance 
eventually lead to the goal. Limitations of hill climbing include a 
tendency to get trapped in local optima, resulting in an inability to 
leave and find the desired global optimum. This book makes use of hill- 
climbing and 2-opt local search heuristics. Note that Papadimitriou 
and Steiglitz (1998) have observed that many metaheuristics are 
simply clever variants of local search. 

Other heuristic searches include greedy search. Greedy algorithms 
adhere to the problem-solving heuristic of making the locally opti- 
mum choice at each decision point in search of the global optima. For 
example, a greedy algorithm for the TRAVELING SALESPERSON 
PROBLEM (TSP) would be, at each decision point visit the nearest 
city that has not yet been visited. While greedy algorithms do not 
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consistently find the globally optimal solution (due to committing- 
decisions being made early in the search process and due to a lack of 
a global view of the problem), the algorithms are very easy to concep- 
tualize and implement and they have the ability to give at least good 
approximations to the optimal solution, while taking minimal execu- 
tion time. Here, a greedy algorithm is first used alone and then as a 
first stage in two hybrid search processes. 

Ahybrid makes use of two or more solution-generating techniques 
in sequence, or repeatedly, during each iteration. An example of a 
hybrid is the memetic algorithm that combines local search heuristics 
with genetic algorithm crossover operators. This book makes use of 
hybrids that include a two-phase greedy algorithm and hill-climbing 
heuristic, as well as a two-phase greedy algorithm and 2-opt local 
search heuristic. 

A metaheuristic is a general-purpose heuristic that provides a 
top-level strategy to guide other heuristics in finding feasible solu- 
tions within the search space. Metaheuristics have also been defined 
as "an experimental heuristic method for solving a general class of 
computational problems by combining user procedures in the hope 
of obtaining a more efficient or robust procedure." In practice, they 
are often seen having a stochastic component to allow for perturbation 
or mutation. "Metaheuristic" adds the Greek prefix "meta" meaning 
"beyond, in an upper level." Metaheuristics include genetic algorithms 
and swarm intelligence. 

Genetic algorithms originated from the studies of cellular automata 
conducted by John Holland at the University of Michigan (Holland, 
1975). A genetic algorithm is a search technique used to find approx- 
imate solutions to combinatorial optimization problems. Genetic 
algorithms are a particular class of evolutionary algorithms that use 
techniques inspired by evolutionary biology such as inheritance, 
mutation, natural selection, and recombination (or crossover). They 
are implemented as a computer simulation in which a population of 
abstract representations of candidate solutions to an optimization 
problem evolves toward better solutions. The evolution starts from a 
population of either completely random or hot-started (i.e., preselected) 
initial solutions and continues for multiple generations. In each gen- 
eration the fitness of each solution is evaluated, a fixed number of 
solutions are stochastically selected from the current population 
(based on their fitness) and modified (mutated or recombined) to 
form a new population. The process continues until some stopping 
criterion is reached. This research remained largely theoretical until 
the mid-1980s and The First International Conference on Genetic Algorithms 
held at the University of Illinois. As academic interest grew, the 
increase in desktop computational power allowed for practical appli- 
cation of the new technique. In the late 1980s, the first commercially 
available desktop genetic algorithm Evolver became available. Genetic 
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algorithms are now regularly used to solve difficult scheduling, data 
fitting, trend spotting, budgeting, and other types of applied combi- 
natorial optimization problems. 

First published in 1992, by Marco Dorigo as his Ph.D. dissertation 
in Italy, ant colony optimization is a multiagent-based global search 
for difficult combinatorial optimization problems like the TSP and 
the QUADRATIC ASSIGNMENT PROBLEM. Inspired by colonies 
of ants, the ant colony optimization metaheuristic makes use of 
computer agents known as "ants" that initiate search randomly and 
lay pheromone to mark trails. The pheromone evaporates over time; 
however, good trails are reinforced by other ants and their pheromone 
in subsequent cycles, while poor trails are eventually abandoned. 
Novel aspects include its constructive methodology of building solu- 
tions as well as the concept of information being shared by colony 
members. 

This book makes use of metaheuristics that include a genetic 
algorithm and an ant colony optimization model. 

McGovern et al. (2003) first proposed combinatorial optimization 
techniques for the DLBP The seven methodologies investigated here 
and applied to the DLBP include an optimal algorithm, four heuristics, 
and two metaheuristics. The optimal algorithm is an uninformed, 
depth-first exhaustive search. The first metaheuristic considered is a 
genetic algorithm, which involves randomly generated and hot-started 
initial populations with crossover and mutation performed over a fixed 
number of generations. The ant colony optimization metaheuristic 
considered for the DLBP is an ant system algorithm known as the ant-cycle 
model. The first of the four heuristics, the greedy algorithm is based on 
first-fit-decreasing (FFD) rules (developed for the BIN-PACKING 
problem and effectively used in computer processor scheduling). A 
hill-climbing algorithm is then used on the greedy solution to ensure 
that the idle times at each workstation are similar (the hill-climbing 
heuristic only compares tasks assigned in adjacent workstations; this is 
done both to conserve search time and to only investigate swapping 
tasks that will most likely result in a feasible sequence). In addition, a 
version of a 2-opt algorithm is applied in a hybrid fashion to the greedy 
solution. Finally, a DLBP implementation of the H-K general-purpose 
optimization heuristic — a deterministic uninformed search technique 
based on an enhanced exhaustive search — is then considered. All tech- 
niques are structured to seek to preserve precedence relationships and 
address multicriteria objectives. 



3 Exhaustive Search 

An exhaustive search algorithm is presented for obtaining the opti- 
mal solution to small instances of the DLBP. Exhaustive search pro- 
vides the optimal solution to many problems, including NP-complete 
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problems. However, its exponential time complexity quickly reduces 
its practicality necessitating the use of combinatorial optimization 
techniques, which are instrumental in obtaining optimal or near- 
optimal solutions to problems with intractably large solution spaces. 

Exhaustive search is a deterministic method and is one of three 
processes used here that are not iterative in nature; that is, they are 
not designed to look for incremental improvements on each new 
solution found. Both of these observations are trivial when consider- 
ing exhaustive search since it looks at all answers, with the final result 
being optimal (therefore, it gives the same answer every time it is run 
and there is no room for improvement in the quality of the solution). 

Chapter 13 reviews the design and structure of a DLBP exhaus- 
tive search algorithm and then considers its performance in order to 
provide a baseline for later comparison with the six other combinato- 
rial optimization searches. 



10.4 Genetic Algorithm 

A genetic algorithm (a parallel neighborhood, stochastic-directed search 
technique) provides an environment where solutions continuously 
crossbreed, mutate, and compete with each other until they evolve into 
an optimal or near-optimal solution. Due to its structure and search 
method, a G A is often able to find a global solution, unlike many other 
heuristics that use hill climbing to find a best solution nearby resulting 
in only a local optimum. In addition, a GA does not need specific details 
about a problem nor is the problem's structure relevant; a function can 
be linear, nonlinear, stochastic, combinatorial, noisy, and so on. 

GA has a solution structure defined as a chromosome, which is 
made up of genes and generated by two parent chromosomes from the 
pool of solutions, each having its own measure of fitness. New solu- 
tions are generated from old using the techniques of crossover (sever 
parents genes and swap severed sections) R and mutation (randomly 
vary genes within a chromosome) R . Typically, the main challenge 
with any genetic algorithm implementation is determining a chromo- 
some representation that remains valid after each generation. 



10.5 Ant Colony Optimization 

The DISASSEMBLY LINE BALANCING PROBLEM is addressed using 
an ant colony optimization metaheuristic. The application of an 
ACO algorithm is instrumental in obtaining optimal or near-optimal 
solutions to the DLBP's intractably large solution space. The ACO 
considered here is an ant system algorithm known as the ant-cycle model 
(Dorigo et al., 1999), which is then enhanced for the DLBP. 

Ant colony optimization is a probabilistic evolutionary algo- 
rithm based on a distributed autocatalytic (i.e., positive feedback; 
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Dorigo et al., 1996) process (i.e., a process that reinforces itself in a way 
that causes very rapid convergence; Dorigo et al., 1996) that makes 
use of agents called ants (due to these agents' similar attributes to the 
insects). Just as a colony of ants can find a short distance to a food 
source, these ACO agents work cooperatively toward an optimal 
solution. Multiple agents are placed at multiple starting nodes, such 
as cities for the TRAVELING SALESPERSON PROBLEM or parts for 
the DLBP Each of the m ants is allowed to visit all remaining edges. 
Each ant's possible subsequent steps are evaluated for desirability 
and each is assigned a proportionate probability. Based on these prob- 
abilities, the next step in the tour is randomly selected for each ant. 
After completing an entire tour, all feasible ants are given the equiva- 
lent of additional pheromone, which is added to each step it has taken. 
All paths are then decreased in their pheromone strength according to 
a measure of evaporation and the entire process is repeated. 



10.6 Greedy Algorithm 

Originally referred to by Garey and Johnson (1979) as nearest neighbor 
and attributed to a 1965 paper by Gavett, this search is commonly 
known as a greedy algorithm, possibly due to a book chapter (Lawler 
et al., 1985) reference by Johnson and Papadimitriou where they 
describe the process as "being 'greedy'." A greedy strategy always 
makes the choice that looks the best at the moment. That is, it makes 
a locally optimal choice in the hope that this choice will lead to a 
globally optimal solution. Greedy algorithms do not always yield 
optimal solutions but for many problems, they do (Cormen et al., 
2001). 

The greedy algorithm considered here is based on first-fit- 
decreasing rules. The first-fit-decreasing algorithm was developed 
for the BIN-PACKING problem (Garey and Johnson, 1979) and 
effectively used in computer processor scheduling. The greedy 
algorithm is the second of the five deterministic methods (including 
exhaustive search) used in Part II and is the first of the four method- 
ologies that are considered as heuristics here. It is one of three 
processes in Part II that are not iterative in nature; that is, not designed 
to look for incremental improvements on each new solution found. 
Also, the greedy algorithm here is one of the two problem-specific 
heuristics demonstrated here that are especially designed for the 
DISASSEMBLY LINE BALANCING PROBLEM and may have little or 
no application outside of this problem and ones like it (e.g., the 
BIN-PACKING problem). While greedy heuristics are universally 
referred to as "greedy algorithms," they do not fit the mathematical 
definition of an algorithm as given in Sec. 6.2 and this is part of the 
impetus for using the more general definition of "algorithm" in this 
book (per Sec. 10.2). 
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10.7 Adjacent Element Hill-Climbing Heuristic 

While the greedy process is very fast, it has no ability to balance the 
workstations. A hill-climbing heuristic can be used to balance a part 
removal solution sequence. Hill climbing is an iterated improvement 
algorithm, basically a gradient descent /ascent. It makes use of an 
iterative greedy strategy, which is to move in the direction of increas- 
ing value. A hill-climbing algorithm evaluates the successor states 
and keeps only the best one (Hopgood, 1993). 

The adjacent element hill-climbing (AEHC) heuristic only com- 
pares tasks assigned in adjacent workstations. This is done both to 
conserve search time (by not investigating all tasks in all worksta- 
tions) and to only investigate swapping tasks that will most likely 
result in a feasible sequence (since the farther apart the positional 
changes, the less likely that precedence will be preserved for both of 
the tasks exchanged and for all of the tasks between them). 

The hill-climbing heuristic is the third of the five deterministic 
methods used in Part II and is the second of four methodologies that 
will be classified here as purely heuristic (i.e., unable to be classified 
as a metaheuristic). As with all hill-climbing searches AEHC is itera- 
tive in nature; it is reapplied to each new solution found in search of 
incremental improvements. Also, the hill-climbing heuristic is the 
second of two problem-specific heuristics in this research that are 
especially designed for the DISASSEMBLY LINE BALANCING 
PROBLEM and may have little or no application outside of this prob- 
lem and ones like it. While applicable to any BIN-PACKING-type 
problem, especially those having precedence constraints, AEHC is 
tailored to the DLBP to take advantage of knowledge about the prob- 
lem's format and constraints in order to quickly provide a solution 
that is better balanced. 



10.8 fc-Opt Heuristic 

An alternative to AEHC is a tour improvement procedure. The best- 
known tour improvement procedures are the edge exchange proce- 
dures. In an /c-opt algorithm, all exchanges of k edges are tested until 
there is no feasible exchange that improves the current solution; this 
solution is said to be A:-optimal. Since the number of operations 
increases rapidly with increases in k, k = 2 and k = 3 are most com- 
monly used. 

In this text, a modified 2-opt local search algorithm is applied to 
the DLBP. The 2-opt algorithm is the second (and final) hybrid meth- 
odology and the fourth of the five deterministic models used in the 
Part II demonstrations. It is the third of the four methodologies here 
listed purely as a heuristic. As with all fc-opt neighborhood searches, 
2-opt is iterative in nature. The algorithm is reapplied to each new 
solution n-tuple generated in search of neighborhood improvements. 
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This methodology considers many more part swaps than AEHC, 
enabling a potential reduction in the number of workstations as well 
as better overall solutions, though at a significant time complexity 
cost over AEHC. 



9 H-K General-Purpose Heuristic 

10.9.1 Introduction 

Influenced by the "hunter-killer" search tactics of military helicop- 
ters, the H-K heuristic is an uninformed search; it methodically moves 
through the search space regardless of prior, current, or forecast solu- 
tion results. The H-K general-purpose heuristic is the last of the five 
deterministic methods used in this study and is the last of the four 
methodologies referred to in this book as heuristics with no meta- 
heuristic (e.g., GA and ACO) or optimal (e.g., Exhaustive Search) 
component. While the original H-K concept includes an iterative 
component with more refined searches taking place on the best solu- 
tions found or its use as a first phase in place of random initial solution- 
generating methods as commonly used by other searches (including 
GA), the version of H-K used here is not iterative in nature. It is 
applied once to forward and reverse listings of the data with the 
single best answer being saved; it is not reapplied to each new solu- 
tion found in search of incremental improvements. 

10.9.2 Heuristic Background and Motivation 

Exhaustive search is optimal because it looks at every possible answer. 
While an optimal solution can be found, this technique is impractical 
for all but the simplest combinatorial problems due to the explosive 
growth in search time. In many physical search applications (e.g., anti- 
submarine warfare, search and rescue) exhaustive search is not possi- 
ble due to time or sensor limitations. In these cases, it becomes practical 
to sample the search space and operate under the assumption that, for 
example, the highest point of land found during the conduct of a lim- 
ited search either is the highest point in a given search area or is reason- 
ably near the highest point. The search technique (an early version of 
the H-K heuristic was demonstrated by McGovern and Gupta, 2004b) 
in this book works by sampling the exhaustive solution set; that is, 
search the solution space in a method similar to an exhaustive search 
but in a pattern that skips solutions (conceptually similar to the STEP 
functionality in a FOR loop as found in computer programming) to 
significantly minimize the search space (Fig. 10.1; the shading indicates 
solutions visited, the border represents the search space). 

This pattern is analogous to the radar acquisition search pattern 
known as "spiral scan," the search and rescue pattern of the "expanding 
square," or the antisubmarine warfare aircraft "magnetic anomaly 
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Figure 10.1 Exhaustive search space and the H-K search 



space and methodology. 

detector hunting circle." Once the solution is generated, the space 
can be further searched with additional applications of the H-K 
heuristic (with modifications from the previous H-K) or the best-to- 
date solution can be further refined by performing subsequent local 
searches (such as 2-opt or smaller, localized H-K searches). Depend- 
ing on the application, H-K can be run once; multiple times on sub- 
sequent solutions; multiple times from the same starting point using 
different skip measure (potentially as a multiprocessor or cluster 
computing application using parallel algorithms or as a parallel or 
distributed computing application; e.g., grid computing — a form of 
network-distributed parallel processing and defined as a model 
for solving massive computational problems using large numbers 
of computers arranged as clusters embedded in a distributed tele- 
communications infrastructure — or cloud computing); multiple 
times from a different starting point using the same skip measure 
(again, potentially as a multiprocessor or distributed computing 
application); or followed up with an H-K or another, differing local 
search on the best or several of the best suboptimal solutions gener- 
ated. While termination normally takes place after all sequences are 
generated for a given skip size, termination can also be effected 
based on time elapsed or once finding a solution that is within a 
predetermined bound. H-K can also be used as the first phase of a 
hybrid algorithm or to hot start another methodology (e.g., to pro- 
vide the initial population in a GA). One interesting use for H-K is 
application to the unusual problem where quantifying a small 
improvement (i.e., a greedy decision, such as would be found in ant 
colony optimization where the ant agents build a solution incre- 
mentally and, therefore, need to know which of the available solu- 
tion elements reflects an improvement) is not possible or is not 
understood, or where the incremental greedy improvements may 
not lead to a global optima. Finally, H-K would also be useful in 
quickly gathering a sampling of the solution space to allow for a 
statistical or other study of the data (e.g., H-K could enable the 
determination of the approximate worst-case and best-case solu- 
tions as well as solution efficacy indices mean, median, and mode). 
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The solutions considered by H-K as shown here consist of an 
ordered sequence (i.e., n-tuple) of elements. The skip size i//, or more 
generally i// k (the kth element's skip measure; i.e., for the solution's 
third element, visit every second possible task for i// 3 = 2), is an integer 
that can be as small as i//= 1 or as large as i//= n (where n is the number 
of parts). Since i// = 1 is equivalent to exhaustive search and i// = n 
generates a trivial solution (it returns only one solution, that being 
the data in the same sequence as it is given to H-K, that is PS t = (1, 2, 
3, n) where PS. identifies the fcth element in a solution sequence 
PS; e.g., for solution (3, 1, 2), PS 2 = 1; also, in the single-phase H-K this 
solution is already considered by any value of y/), in general all skip 
values can be further constrained as 

2<y/ k <n-l:\ff k n<=Z + (10.1) 
where Z + represents set of positive integers; that is, {1, 2, ... }. 

10.9.3 Comparison to Other Methodologies 

The H-K general-purpose heuristic shows a variety of similarities to 
many currently accepted combinatorial optimization methodolo- 
gies. For example, like ACO and GA — but unlike tabu search — H-K 
generates the best solutions when suboptimal solutions bear a resem- 
blance to the optimal solution. In three dimensions, this would 
appear as a set having topography with relatively shallow gradients 
(i.e., no sharp spikes); the more shallow the gradient, the better the 
chance that the found solution is near the optimal solution. These 
data sets are effective in ACO applications since the ant agents work 
to reinforce good solution sections by adding trail (similar to phero- 
mones in actual ants). They are effective in GA applications since 
those algorithms break apart good solutions and recombine them 
with other good solution sections, again, reinforcing preferred tours. 
The drawback to these is that if suboptimal solutions do not bear a 
resemblance to the optimal solution, the optimal solution may not be 
found. However, in many applications it is not typical for the data to 
perform in this manner. Also, it is not a significant drawback since 
the general H-K takes a deterministic, nonweighted path; therefore, 
an isolated solution is as likely to be visited as the optimal shallow 
gradient solution. Isolated or steep gradient solutions are addressed 
in ACO and GA with probabilistically selected tours, allowing for 
potential excursions to seemingly poor-performing areas of the 
search space. 

Like simulated annealing — and unlike ACO, GA, and tabu — the 
multiphase version of H-K looks at a large area initially, then smaller 
and smaller areas in more detail. 

Like tabu search (and unlike ACO and GA), the single-phase ver- 
sion of H-K does not revisit solutions found previously during the 
same phase of search. 
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Unlike many applications of ACO, tabu, and simulated annealing, 
(but like GA) H-K does not generate solutions similar to a branch- 
and-bound type of method where the best solution is grown by mak- 
ing decisions on which branch to take as the sequence moves from 
beginning to end. Rather, an entire solution sequence is generated 
prior to evaluation. In addition, H-K does not contain any greedy 
component since the movement through the search space is unin- 
formed and no branching decisions are required, which are typically 
made based upon the best short-term (greedy) move. 

Like branch-and-bound, in the version of H-K that considers par- 
tial orders (such as precedence constraints for the DLBP), if a vertex 
is visited that would result in an infeasible solution, no further inves- 
tigation of any of the subsequent children of that vertex is ever made, 
effectively removing that branch from the digraph. 

As with each of these heuristics, H-K can be applied to a wide range 
of combinatorial optimization problems. Like greedy and A:-opt heuris- 
tics (Lawler et al., 1985) and traditional mathematical programming 
techniques (such as the simplex algorithm for linear programming), H-K 
selects solutions for consideration based in a deterministic manner, while 
metaheuristics such as ACO and GA have a strong probabilistic compo- 
nent. As a result, H-K is repeatable, providing the same solution every 
time it is run. However, probabilistic components can be added in the 
form of randomized starting point(s), skip size(s), and/or skip type(s). 

Unlike traditional mathematical programming techniques such 
as simplex, H-K is not limited to linear problem descriptions and, as 
shown in Part II using the DLBP, readily lends itself to multicriteria 
decision making as well as nonlinear problem formats. However, like 
most heuristics, it cannot consistently provide the optimal solution, 
while most mathematical programming methods generally do. Also 
common to heuristics, there is some degree of tuning and design 
required by the user; for example, selection of number of generations, 
mutation rate, crossover rate, and crossover method in GA, or phero- 
mone evaporation rate, number of ants, number of cycles, and visibil- 
ity description for ACO. H-K decisions include 

• Solution structure: Combination, permutation, differing 
element value ranges, number of solution elements (if other 
than n), other 

• Number of H-K processes: One, multiple 

• Starting point/initial solution: Constant, deterministic vary- 
ing (i.e., different but known starting points for use with mul- 
tiple H-K processes), random 

• Data presentation order: Forward (e.g., starting at (1, 2, 3, . . ., 

n)), reverse (e.g., starting at (n, . . ., 3, 2, 1)), random, other 

• Skip type (type of skipping between solution elements): 

Constant type, deterministic varying type, random type 



Combinatorial Optimization Searches 



• Skip size (size of data skipped in each solution element): 

Constant size, deterministic varying size, random size 

• Stopping criteria: Full run, time limited, end on solution 
found within a given bound, or end on solution found within 
a given percentage 

• Follow-on solution refinement: None ("single phase"), 
different H-K (different starting point, skip type, skip size, 
etc.), local H-K (H-K search about a previous solution), other 
(such as 2-opt or GA; effectively a hybrid) 

Depending on these structural decisions, H-K can take on a variety 
of forms, from a classical optimization algorithm in its most basic 
form, to a general evolutionary algorithm with the use of multiple 
H-K processes, to a biological or natural process algorithm by electing 
random functionality. 

10.9.4 The H-K Process 

As far as the H-K process itself, since it is a modified exhaustive search 
that makes use of solution-space sampling, it searches for solutions 
similar to depth-first search, iteratively seeking the next solution — 
allowing for skips in the sequence — in lexicographic order. 

In the basic H-K searching a permutation and with, for example, 
i// = 2 (for all values of k is implied when no subscript is displayed 
with the skip parameter), n = 4, and forward ordering only, the first 
element in the first solution would be 1, the next element position 
would first consider 1, but since 1 is already in the solution (in element 
position one), element position two would be incremented by one and 
2 would be considered and be acceptable. This is repeated for all of the 
elements until the first solution (i.e., PS k = (1, 2, 3, . . ., n)) is generated. 

For the next solution visited, the rightmost element that is able to 
be incremented by y/ (y/ is equal to 2 in this example) while not 
exceeding n would be incremented by y/; if the element's new value 
is equal to some preceding element's value, the current element's 
value is incremented by one (again, as long as this does not result in 
exceeding n). Any remaining element-positions to the right would 
be filled lexicographically (smallest to largest, left to right) with the 
remaining values. 

This process of generating solutions is continued to the left until 
the first element position (k = 1) is reached. The part under consider- 
ation would then be PSj = 1 which would be incremented by y/ = 2 
and, therefore, 3 would be considered and inserted as the first ele- 
ment position value. Since part 1 is not yet in the sequence, it would 
be placed in the second element position, part 2 in the third, and so on 
(i.e., PS^ = (3, 1, 2, . . ., «)), and the process continues. 

For example, with n = 4 giving the set of the solution space ele- 
ments as P = {1, 2, 3, 4} and no precedence constraints, instead of 
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PS = (1 2 3 4 5) 


PS =(3 4 1 2 5) 
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PS k = (5, 3, 4, 1, 2) 



Table 10.1 H-K Results at n = 5 and 2 



considering the 4! = 24 possible permutations, only five are visited by 
the single-phase H-K with y/=2 and using forward-only data: PS t = 
(1, 2, 3, 4), PS, = (1, 4, 2, 3), PS, = (3, 1, 2, 4), PS, = (3, 1, 4, 2), and then 
PS, = (3, 4, 1, 2). With n = 5,P = {l, 2, 3, 4, 5}, and no precedence con- 
straints, instead of considering the 5! = 120 possible permutations, 
only 16 are considered by the single-phase H-K with y/= 2 and using 
forward-only data as demonstrated in Table 10.1. 

Each generated solution is compared to the best solution found 
up to that point in the search (or alternatively, sorted with some sub- 
group of the best or all solutions found up to that point) using one or 
more predetermined metrics, typically defined by mathematical for- 
mulae. At the conclusion of the search, the best solution(s) found are 
then known. 

Skip size affects various measures including solution perfor- 
mance metrics and time complexity. The general form of the skip-size 
to problem-size relationship is formulated as 

V k =n-Ay/ k :y/ k eN (10.2) 

where N is the set of natural numbers (i.e., {0, 1, 2, ... }) and At//, repre- 
sents the kth solution-element's delta-skip measure — the difference 
between problem size n and skip size y/, — which is used to determine 
the minimum skip size (e.g., for Ai//= 10 and n = 80, y/= 70) in order 
to ensure reasonable search times. That is, settling on fixed At//,s 
regardless of instance size, and then using those Ay/ k s to calculate 
each y/ k is a mechanism to establish the skip size for any size problem 
instance. The result is that larger instances do not take exponentially 
more search time than do smaller instances (thought at the expense of 
a lower percentage of the solution space being visited). 

Since any values of y/ that are larger than the chosen skip value 
for a given H-K instance take significantly less processing time, con- 
sidering all larger skip values should also be considered in order to 
increase the search space at the expense of a minimal increase in 
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search time. In other words, H-K can be run repeatedly on a given 
instance using all skip values from a smallest y/ (user selected based 
upon time complexity considerations) to the largest [i.e., n - 1 per Eq. 
(10.1)] without a significant time penalty. In this case, any y/ k would 
be constrained using Eqs. (10.1) and (10.2) as 

n-Ay/ k <yr k <n-l where l<Ay/ k <n-2 (10.3) 

If this technique is used (as it is in this text), it should also be noted 
that multiples of y/ visit the same solutions; for example, for n = 12 
and 2 < y/< 10, the four solutions considered by yi = 10 are also visited 
by yi = 2 and y/ = 5. 



10.9.5 Other H-K Formulations 

While demonstrated in this book for use in searching the solution 
space described by a permutation and having a solution space size of 
n\ (i.e., the number of permutations of n distinct objects), the heuristic 
is readily modified to search a solution space described by a more 
general permutation as given by the familiar 

(i.e., the number of permutations of n distinct objects taken A; at a 
time) as well as other types of permutations. It may also be applied to 
different combinations; for example, the number of combinations of n 
distinct objects taken k at a time with a search space commonly 
described by 



k k\(n-k)\ 



(10.5) 



Another common search space is defined by the generalized mul- 
tiplication rule covering k operations. Using the generalized multipli- 
cation rule covering k operations enables a visualization of H-K search 
mechanics via a two-dimensional (2-D) representation of all of the 
solutions visited by H-K and of the entire search space. Applying the 
H-K heuristic to two elements, each containing one of a possible 10 
objects (i.e., P = )1, 2, 3, 10}) gives a search space of 100 solutions; 
H-K with n = 10, k = 2, and yr= 2 (i.e., ty/j = i// 2 ) and using forward-only 
data gives 25 solutions to be visited as demonstrated in Table 10.2. 

Using this example of a discrete two-element solution consisting 
of all ordered pairs of values from 1 to 10, Fig. 10.2 shows the limited, 
but systematic and diverse search provided by H-K. 

While starting at a value of one in this book, solutions may also 
allow for values of zero. In addition, continuous solutions can be 
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PS = (1 2) 


PS = ^3 1) 


PS = (5 1) 


PS = CI 1^ 


PS = ^9 1) 


PS k =<l, 4) 


PS k = (3, 4) 


PS k = (5, 3> 


PS k =<7, 3) 


PS k = <9, 3> 


PS k =(l, 6> 


PS k = (3, 6> 


PS k = (5, 6> 


PS k = <7, 5) 


PS k = <9, 5> 


PS„ = (1, 8) 


PS k = (3, 8> 


PS k = (5, 8> 


PS k = <7, 8) 


PS k = <9, 7> 


PS k =(l, 10) 


PS k = (3, 10) 


PS k = (5, 10) 


PS k =(7, 10) 


PS k = (9, 10) 



Table 10.2 Generalized Multiplication Rule H-K Results at n= 10, k= 2, and y/= 2 
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Figure 10.2 Two-dimensional multiplication rule H-K results at n - 10, k= 2, and 
¥ =2. 



modeled by shifting the decimal point and treating significant digits 
as integers (e.g., a single significant digit would result in an additional 
nine solution points in the search space for each original solution point) 
or by modeling the data in binary and using negative exponents to 
obtain values to the right of the decimal point (e.g., 2~ 3 = 0.125). 
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Experimental 
Instances 



11.1 Introduction 

Since the DISASSEMBLY LINE BALANCING PROBLEM (DLBP) is 
a recent problem, few problem instances exist to study the perfor- 
mance of different heuristic solutions. Four that are used here 
include the personal computer (PC) instance, the 10-part instance, 
the cellular telephone instance, and a variable-size known-solution 
benchmark set of instances. Each of these instances is presented 
with a list of parts and their associated part removal times, hazardous 
content, demand, and removal direction, as well as their precedence 
diagram. 

As a point of reference, an automobile assembly plant has a rather 
short cycle time of CT = 60 seconds while at the other extreme is a 
general aviation aircraft manufacturer that provides 3.5 hours of cycle 
time (Boatman, 2004). The number of components can run into the 
thousands with even an efficient contemporary automobile design 
running over 4000 individual parts and taking a total of 20 hours to 
build (e.g., 2005 Ford Mustang). 

This chapter focuses on providing a thorough description of each 
of the four data sets as well as any modifications or enhancements 
made to the original case-study data and any derivations performed. 
Section 11.2 describes the modified personal computer instance, an 
eight-part data set developed from research on an actual product. 
Section 11.3 reviews the enhanced 10-part instance, a case study from 
the disassembly sequencing literature. Section 11.4 presents the 
cellular telephone instance, a 25-part data set based on a study 
performed on a popular electronics product. Section 11.5 considers a 
variable-size, known-solution data set that enables efficacy and time 
complexity studies to be performed on a range of DLBP solution 
techniques. 



133 



134 Disassembly-Line Balancing 



11.2 Personal Computer Instance 

Giingor and Gupta (2002) developed the personal computer instance 
based on the conduct of an actual disassembly study. With more than 
20 million new personal computers purchased in the United States 
each year and the National Safety Council estimating 10,000 televisions 
and personal computers taken out of service each day (Gualtieri, 2005), 
this provides a practical and relevant example from the literature. The 
instance consists of the data for the disassembly of a personal com- 
puter as shown in Table 11.1 where the objective is to completely disas- 
semble a PC consisting of eight subassemblies on a paced disassembly 
line operating at a speed which allows 40 seconds for each workstation 
to perform its required disassembly tasks [Fig. 11.1; note the dotted 
lines as described in Sec. 5.5 that represent the OR relationship in the 
product; e.g., remove part (2 OR 3) prior to part 6]. 

The data in Table 11.1 was modified (McGovern and Gupta, 2005a) 
from the original by reducing the number of part removal directions 
from between one and four, uniformly to one. Specifically, the part 
removal directions for the product were changed from {-x, +x, -x, 
+x/-x/+y/-y, +y, +z, +x/-x/+y, +z) to (—x, +x, -x, -x, +y, +z, -x, +z); that 
is, parts with multiple removal directions having -x in common were 
reduced to being removed only in the direction -x. This was done both 
due to the fact that the other directions did not enhance disassembly 
(the optimal solution makes use of direction -x when given all of the 
part removal direction options for parts 4 and 7) and to allow for 
more streamlined software (eliminating the need for a processor- 
time-intensive part removal option selection procedure which could 
skew or pad a solution technique's actual time complexity, especially 
in light of the fact — of the four instances here — that only the PC 
instance would require this functionality). Also, changing the direction 



Task 


Part Removal 

Description Time Hazardous Demand Direction 


Predecessors 


1 


Cover 


14 


No 


360 


-x 


n/a 


2 


Media drive 


10 


No 


500 


+x 


1 


3 


Hard drive 


12 


No 


620 


-x 


1 


4 


Back plane 


18 


No 


480 


-x 


7 


5 


Adaptor cards 


23 


No 


540 


+y 


1 


6 


Memory 
modules (2) 


16 


No 


750 


+z 


2 OR 3 


7 


Power supply 


20 


Yes 


295 


-x 


8 


8 


Motherboard 


36 


No 


720 


+z 


2, 3, 5, 6 



Table 11.1 Knowledge Base of the Personal Computer Instance 




Figure 11.1 Personal computer precedence relationships. 



136 Disassembly-Line Balancing 



representation {+x, -x, +y, -y, +z, -z) from j+1, -1, +2, -2, +3, -3} as 
portrayed in Eq. (8.31) to (0, 1, 2, 3, 4, 5) can simplify software design 
in some cases. This change can be seen in all of tables depicting solu- 
tion sequences; however, it does not affect selection of any given solu- 
tion nor does it impact any solution's calculated part removal measure 
and is made only in the interest of software engineering. 

The search space is 8! or 40,320 (however, it can be seen from 
Fig. 11.1 that due to precedence constraints, there are only 6 + 6 + 4 = 16 
feasible solutions). With the typical computer containing 3 to 8 lb 
of lead, the cost of properly disposing of a PC estimated to be $30 
(Gualtieri, 2005), computer monitor cathode-ray tubes accounting 
for 40 percent of all the lead in the American waste stream, and the 
Environmental Protection Agency able to fine businesses $15,000 for 
every piece of equipment found that ends up in a landfill and $25,000 
a day until the machines are cleaned up, this data set provides a 
timely instance for the DLBP, while a count of 315 million obsolete 
computers adds a sense of urgency (Stape, 2004). 



11.3 The 10-Part Instance 

Kongar and Gupta (2002a) provided the basis for the 10-part DLBP 
instance. McGovern and Gupta (2003a) then modified this instance 
from its original use in disassembly sequencing and augmented it 
with disassembly-line specific attributes. Here the objective is to com- 
pletely disassemble a notional product (Table 11.2) consisting of n = 10 
components and several precedence relationships (e.g., parts 5 AND 6 
need to be removed prior to part 7). The problem and its data were 
modified for use on a paced disassembly line operating at a speed 
which allows CT = 40 seconds for each workstation to perform its 
required disassembly tasks. This example consists of the data for the 
disassembly of a product as shown in Fig. 11.2. 



Task 


Time 


Hazardous 


Demand 


Direction 


1 


14 


No 


No 


+y 


2 


10 


No 


500 


+x 


3 


12 


No 


No 


+x 


4 


17 


No 


No 


+y 


5 


23 


No 


No 


-z 


6 


14 


No 


750 


-z 


7 


19 


Yes 


295 


+y 


8 


36 


No 


No 


-X 


9 


14 


No 


360 


-z 


10 


10 


No 


No 


-y 



Table 11.2 Knowledge Base of the 10-Part Instance 
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Figure 11.2 The 10-part product precedence relationships. 

As with all the data sets, the direction representation [+x, -x, +y, 
-y, +z, -z\ can be changed from {+1, -1, +2, -2, +3, -3} as portrayed in 
Eq. (8.31) to {0, 1, 2, 3, 4, 5}. The search space of the 10-part instance is 
10! or 3,628,800. 



11.4 Cellular Telephone Instance 

Gupta et al. (2004) provided the basis for the cellular telephone DLBP 
instance. The growth of cellular telephone use and rapid changes in 
technology and features has prompted the entry of new models on a 
regular basis while, according to Collective Good International, 100 mil- 
lion cellular telephones are discarded each year (Gualtieri, 2005). 
Unwanted cell phones typically end up in landfills and usually contain 
numerous hazardous parts that may contain mercury, cadmium, arse- 
nic, zinc, nickel, lead, gallium arsenide, and beryllium, any of which can 
pose a threat to the environment. Gupta et al. (2004) selected a 2001 
model year Samsung SCH-3500 cell phone for disassembly analysis. 
The result is an appropriate, real-world instance consisting of n = 25 
components having several precedence relationships. The data set 
includes a paced disassembly line operating at a speed which allows 
CT = 18 seconds per workstation. Collected data on the SCH-3500 is 
listed in Table 11.3. Demand is estimated based on part value and/or 
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Task 


Part Removal 
Description 


Time 


Hazardous 


Demand 


Direction 


1 


Antenna 


3 


Yes 


4 


+y 


2 


Battery 


2 


Yes 


7 


-y 


3 


Antenna guide 


3 


No 


1 


-z 


4 


Bolt (type 1) a 


10 


No 


1 


-z 


5 


Bolt (type 1) b 


10 


No 


1 


-z 


6 


Bolt (type 2) 1 


15 


No 


1 


-z 


7 


Bolt (type 2) 2 


15 


No 


1 


-z 


8 


Bolt (type 2) 3 


15 


No 


1 


-z 


9 


Bolt (type 2) 4 


15 


No 


1 


-z 


10 


Clip 


2 


No 


2 


+z 


11 


Rubber seal 


2 


No 


1 


+z 


12 


Speaker 


2 


Yes 


4 


+z 


13 


White cable 


2 


No 


1 


-z 


14 


Red/blue cable 


2 


No 


1 


+y 


15 


Orange cable 


2 


No 


1 


+x 


16 


Metal top 


2 


No 


1 


+y 


17 


Front cover 


2 


No 


2 


+z 


18 


Back cover 


3 


No 


2 


-z 


19 


Circuit board 


18 


Yes 


8 


-z 


20 


Plastic screen 


5 


No 


1 


+z 


21 


Keyboard 


1 


No 


4 


+z 


22 


Liquid crystal 
display 


5 


No 


6 


+z 


23 


Sub-keyboard 


15 


Yes 


7 


+z 


24 


Internal circuit 


2 


No 


1 


+z 


25 


Microphone 


2 


Yes 


4 


+z 



Table 11.3 Knowledge Base of the Cellular Telephone Instance 



recycling value. Part removal times and precedence relationships 
(Fig. 11.3) were determined experimentally; part removal times were 
repeatedly collected until a consistent part removal performance was 
attained. The search space is 25! or 1.55112 x 10 25 . 

Note that in 2005, companies that refurbished cellular telephones 
typically paid consumers $2 to $20 per phone for the more popular 
Motorola and Nokia cellular telephones while cellular telephone 
recyclers (that may only extract precious metals such as gold from the 
circuit boards) paid between $1 and $6 per phone (Metz, 2005). 



Experimental Instan 




Figure 11.3 Cellular telephone precedence relationships. 
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11.5 DLBP A Priori Optimal Solution 
Benchmark Instances 

11.5.1 Background 

Benchmark data sets are valuable for use in evaluating new search 
methodologies and in thoroughly testing their developed software. 
Once testing is completed, large, established benchmarks can be used 
to demonstrate a given solution-generating methodology's perfor- 
mance as well as to identify its limitations. 

Benchmark data sets are common for many NP-complete prob- 
lems, such as Oliver30 and RY48P for application to the TRAVELING 
SALESPERSON PROBLEM and Nugentl5/20/30, ElshafeiW, and 
Krarup30 for the QUADRATIC ASSIGNMENT PROBLEM. Unfor- 
tunately, because of their size and their design, most of these existing 
data sets have no known optimal answer and new solutions are not 
compared to the optimal solution, but rather the best solution to-date. 
In the case of the DLBP, since it is a recently defined problem, no 
appropriate benchmark data sets exist. For these reasons, a DLBP 
benchmark data set is of value. This section describes a known- 
optimal solution benchmark line-balance data set which is useful 
in evaluating DLBP heuristics. 

11.5.2 Mathematical Formulation 

This size-independent A Priori benchmark data set was generated 
(McGovern and Gupta, 2007b) based on the following. Since solutions 
to larger and larger instances cannot be verified as optimal (due to the 
time complexity of exhaustive search), instances can be generated in 
such a way as to always provide a known solution. This is done by 
using part removal times consisting exclusively of prime numbers, fur- 
ther selected to ensure that no combinations of these part removal 
times allow for any equal summations (in order to reduce the number 
of possible optimal solutions). For example, part removal times of 1, 3, 
5, and 7, and CT =16 would have minimum idle time solutions of not 
only one 1, one 3, one 5, and one 7 at each workstation, but various addi- 
tional combinations of these as well since 1 + 7= 3 + 5 = % CT. Subse- 
quently, the chosen instances are made up of parts with removal times 
of 3, 5, 7, and 11, and CT = 26. As a result, the optimal balance for all 
subsequent instances consists of a perfect balance of precedence-pre- 
serving permutations of 3, 5, 7, and 11 at each workstation with idle 
times of zero. The size of this A Priori data set is then constrained by 

n = x-|PRT| :xe Z+ (11.1) 

(Note that | PRT | < n since PRT t is onto mapped to PRT, though not 
necessarily one-to-one, since multiple parts may have equal part removal 
times; i.e., PRT,. is a surjection and may or may not be a bijection to PRT.) 
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To further complicate the data (i.e., provide a large, feasible 
search space), only one part is listed as hazardous and this was one 
of the parts with the largest part removal time (specifically, the last 
one listed in the initial data). In addition, one part (the last listed of 
the second-largest part-removal-time component) is listed as being 
demanded. This is done so that only the hazardous and the demand 
sequencing is demonstrated while providing a slight solution 
sequence disadvantage to any purely greedy methodology (since 
two parts with part removal times of 3 and 5 are needed along with 
the parts with the larger part removal times to reach F, assigning 
hazard and high-demand attributes to those parts with smaller 
part removal times may prevent some methodologies from artifi- 
cially obtaining an F* sequence). From each part removal time size, 
the first listed part is selected to have a removal direction differing 
from the other parts with the same part removal time. This is done 
to demonstrate direction selection while requiring any solution- 
generating methodology to move these first parts of each part 
removal time size encountered to the end of the sequence (i.e., into 
the last workstation) in order to obtain the optimal direction value 
of R* = 1 (assuming the solution technique being evaluated is able to 
successfully place the hazardous and demanded parts toward the 
front of the sequence). Also, there are no precedence constraints 
placed on the sequence, a deletion that further challenges any meth- 
od's ability to attain an optimal solution (by maximizing the feasible 
search space). This has the added benefit of more precisely model- 
ing the restricted version of the decision version of the DLBP seen in 
Theorem 9.1 and Theorem 9.2. 

Known optimal results include F" = 0, H* = 1, D" =2,R* = 1. While 
this book makes use of data with |PRT| = 4 unique part removal 
times, in general for any n parts consisting of this type of data, the 
following can be calculated as 



NWS* = NWS, 



n 



(11.2) 



lower 



|PRT| 



NWS 



= n 



(11.3) 



upper 



lower 



= 



(11.4) 



I 



upper 



n-CT(|PRT|-l) 
|PRT| 



(11.5) 



F = F, 



lower 



= 



(11.6) 



with F u er given by Eq. (8.15). 
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Formulae have been developed to generate all data parameters — 
as well as for calculating optimal and nominal measures — for any 
size instance [as constrained by Eq. (11.1)]. Hazard measures and 
values are given by 



1, k = n 

0, otherwise 



(11.7) 



H* = H. =1 

lower 



H =n 

upper 



(11.8) 
(11.9) 



with demand measures and values given by 



1, fc = 



w(|PRT|-l) 



|PRT| 
[0, otherwise 



(11.10) 



D* = D, 



2, H = l 

1, otherwise 



(11.11) 



D 



n-\, H = n 



(11.12) 



■ upper otherwise 
and part removal direction measures and values given by 
I", , , n , 2n , (I PRT 1-4) n , 

1 If — 1 1-1 1-1 -J ! ' i 1 

r k =j ' '|PRT| ' |PRT| |PRT| (11.13) 

0, otherwise 



= R. =1 

lower 



n = |PRT| 



R upper = 2-|PRT|-l, n = 2-|rfRT 
2-PRT, otherwise 



(11.14) 
(11.15) 



Since | PRT | = 4 in this part of the text, each part removal time is gener- 
ated by 



PRT, = \ 
k 



3, < k < -i 
4 

c n r ^ n 

5 '4 <k ~2 

2 4 

11, ^-<kk< n 
4 



(11.16) 
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While the demand values as generated by Eq. (11.10) are the pre- 
ferred representation (due to the fact that the resulting small numeri- 
cal values make it easy to interpret demand efficacy since D = k, i.e., 
the sequence position of the sole demanded part), algorithms that 
allow incomplete disassembly may terminate after placing the single 
demanded part in the solution sequence. In this case, Eqs. (11.10) 
through (11.12) may be modified to give 



2, k = 



n ■ ( |PRT| - 1) 



|PRT| 
1 1, otherwise 



(11.17) 



D* = D, 



l+5>, H = l 

n 

1 + ^P' otherwise 



(11.18) 



D 



n - 1 + V p, H = n 

11 

n + ^\lpf otherwise 

u £ 



(11.19) 



11.5.3 Probabilistic Analysis of the Benchmark Data Set 

It is noted that a data set containing parts with equal part removal 
times and no precedence constraints will result in multiple optimum 
extreme points. To properly gauge the performance of any solution- 
generating technique on the DLBP A Priori data, the size of the optimal 
solution set needs to be quantified. 

From probability theory (specifically, counting sample points 
using the generalized multiplication rule covering n operations; Miller 
and Freund, 1985) we know that, for example, with n = 12 and | PRT | = 4, 
the size of the set of optimally balanced solutions \F*\ when using the 
DLBP A Priori data can be calculated as (12 ■ 9 ■ 6 ■ 3) ■ (8 ■ 6 ■ 4 ■ 2) ■ 
(4 ■ 3 ■ 2 ■ 1) = 17,915,904 using Table 11.4. 



k 


1 


2 


3 


4 


5 


6 


7 


8 


9 


10 


11 


12 


Count 


12 


9 


6 


3 


8 


6 


4 


2 


4 




? 





Table 11.4 Number of Possible Entries in Each Element 
Position Resulting in Perfect Balance Using the DLBP A Priori 
Data with n = 12 and IPRTI = 4 
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Grouping these counts by workstation and reversing their order- 
ing enables one to more easily recognize a pattern: 

(1 2 3 4) 

(2 4 6 8) 

(3 6 9 12) 

It can be seen that the first row can be generalized as (1 ■ 2 • 3 | PRT | ), 

the second as [2 ■ 4 ■ 6 (2 • |PRT|)], and the third as [3 ■ 6 ■ 9 

(3 ■ | PRT |)]. Expanding in this way, the number of optimally balanced 
solutions can be written as 

|F*|= [1-2- 3 (1 ■ |PRT|)] • [2 ■ 4 ■ 6 (2 ■ |PRT|)]} — • 

n 2n 3n 
PRT| ' |PRT| ' |PRT| "" 

This can be written as 

|PRT| PRT |PRT| |PRT| 

and finally as 



|PRT| n |PRT| 

iF*i=n* ipRTL ny 

x=l ;/=l 



or 



|PRT||PRT| n 

\ f "\= n n * iprti -y ( n - 2 °) 

x=l y=l 



Since |PRT| = 4 in this chapter, Eq. (11.20) becomes 

n 

i'=l y=l 

In our example with n = 12 and |PRT| = 4, Eq. (11.21) is solved as 

12 

\F*\ = flf[x^ y = f[flx* y = f[ X s (11 2 } 

x=\ y=l x=l i/=l x-l 

or 



|F*| = l-l-l-(l-2-3)-2-2-2-(l-2-3)-3-3-3-(l-2-3)-4-4-4-(l-2-3) 
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k 


1 


2 


3 


4 


5 


6 


7 


8 


9 


10 


11 


12 


Count 


1 


1 


6 


3 


4 


3 


2 


1 


4 


3 


2 


1 



Table 11.5 Number of Possible Entries in Each Element Position 
Resulting in Optimal in F, H, D, and R Using A Priori Data with n = 12 
and IPRTI = 4 



which, when rearranged, can be written as the more familiar 
\F*\ = (12 • 9 • 6 • 3) • (8 • 6 • 4 • 2) • (4 • 3 • 2 • 1) = 17,915,904 

Even when all objectives are considered, there still exist multiple 
optimal solutions, again due to the use of a data set containing parts 
with equal part removal times and no precedence constraints. Using 
probability theory and the example having n = 12 and |PRT| = 4, it is 
known that the size of the set of solutions optimal in F, H, D, and R, that 
is, \F n H* n D* n R* | , when using the DLBP A Priori data can be calcu- 
lated as (1 ■ 1 ■ 6 ■ 3) • (4 • 3 • 2 • 1) • (4 • 3 • 2 ■ 1) = 10,368 using Table 11.5. 

Repeating the technique of grouping these counts by workstation 
and reversing their ordering again reveals a pattern: 



(1 
(1 

(3 



4) 
4) 
1) 



The middle row elements will always be the same as those given by 
Eq. (11.20) but with two fewer sets (due to different first and last 

workstation elements). The first row is always (1-2-3 |PRT|) 

since the directional elements in the A Priori data should always be 
together at the end (the beginning in this case since we reversed the 
sequence for readability) of any optimal solution sequence. The last 

row (again, reversed) is always ((n/\ PRT |) • (2n/| PRT |) • (3n/| PRT |) 

((|PRT| - 2) ■ n/\PRT\) 1-1) since there is only one hazardous part 
(optimal element position k = 1) and only one demanded part (opti- 
mal element position k = 2). Combining these components, the 
number of fully optimal solutions can be written as 



|F*nH*nD*nR* | =(1-2-3 |PRT|) 

(1-2-3 (1 • |PRT|)) • (2 ■ 4 ■ 6 (2 ■ |PRT|)) • 
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{ { n ) ( 2n \ ( 3n ) f (|PRT| - 2) • ) 
(jPRT|J {\RRT\J yPRT|J { |PRT| 1 



By replacing the second term with a modified version of Eq. (11.20) 
and simplifying the first and third terms, this can be written as 



\F"nH"nD*nR*\ 



|PRT| 

11* 

.v=i ; 



|PRT[ |PRT| 2 __n_ 



n n y 

y=l z=l 



PRTI 



^RT+2 n 

X 



n 



I PRTI 



Expanding the second term gives 



|/ n // nD n K 



/'lPRT| ^ 
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v ;/ =1 y 
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Combining the first and second terms results in 



\F ' nH 'nD' nR*\ 



|PRT[ n _ . 

Ily |PRTr 

y=i 



|PRT| 

n - 

z=l 

V J) 



n ■ 

11 I PRTI 



or 



|PRT|-2 [PRT|]PRT| n 

|F* n H* n D* n R*| = n j^II n J/ 1 ™ •» 

X=l I I 1/=1 2=1 

with a constraint that 



|PRT| 

Alternatively this can be written as 



> 2 



[PRT| -2 |PRT[ „ _n 

If'nH'nD'nR'h Tpffl • II Ily™ (U-22) 

A'-l I I l/=l 2=1 



where 



fl = -j|PRff~ ' jPRT| 



1/ 



otherwise 
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Since |PRT| = 4 is being used in these examples, Eq. (11.22) becomes 



n'? 




(11.23) 



1=1 ' y=l z=l 

In our example with n = 12 and |PRT| = 4, Eq. (11.23) is solved as 

2 4 1 

/ ^// no n 3 v n n 

i=l y=l z=l 

or 

2 4 

IF* n H* n D* n R*| = f^3x ■ f|y 2 

Jf=l y=l 

giving 

|/ n H* n D* nR'| = [(3 ■ 1) ■ (3 ■ 2)] ■ [(1 ■ 1) ■ (2 ■ 2) ■ (3 ■ 3) ■ (4 ■ 4)] 
which, when rearranged, can be written as the more familiar 

|F* n // n D* n R*\ = (1 ■ 1 ■ 6 ■ 3) ■ (4 ■ 3 ■ 2 ■ 1) ■ (4 ■ 3 ■ 2 ■ 1) =40,368 

Although the sizes of both DLBP A Priori optimal solution sets is 
quite large in this example, they are also significantly smaller than 
the search space of n! = 479,001,600. As shown in Table 11 .6, the number 
of solutions that are optimal in balance alone goes from 100 percent of 
n at n = 4, to 22.9 percent at n = 8, and to less than 1 percent at n = 16; 
as n grows, this percentage gets closer and closer to 0. The number of 
solutions optimal in all objectives goes from less than 8.3 percent of 
n at n = 4, to 0.12 percent at n = 8, dropping to effectively percent at 
n = 16; again, as n grows, the percentage of optimal solutions gets 
closer and closer to zero. 



n 


n! 


Number 
Optimal in 
Balance 


Number 
Optimal 
in All 


Percentage 
Optimal 
in Balance 


Percentage 
Optimal 
in All 


4 


24 


24 


2 


100.00% 


8.33% 


8 


40,320 


9,216 


48 


22.86% 


0.12% 


12 


479,001,600 


17,915,904 


10,368 


3.74% 


0.00% 


16 


2.09228E+13 


1.10075E+11 


7,077,888 


0.53% 


0.00% 



Table 11.6 Comparison of Possible Solutions to Optimal Solutions for a Given n 
Using the DLBP A Priori Data 
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The final configuration of the benchmark as used in the Part II 
analysis is 19 instances with instance size evenly distributed from 
n = 8 to n = 80 in steps of |PRT| = 4. This provides numerous instances 
of predetermined, calculable solutions with the largest instance ten 
times larger than the smallest instance. The size and range of the 
instances provides for the testing of small ns — which decreases the 
NWS value and tends to exaggerate less than optimal performance — as 
well as large, which demonstrates time complexity growth and effi- 
cacy changes with n. 

To summarize, the DLBP A Priori test data as used here will con- 
sist of n = {8, 12, 16, . . ., 80} parts with four unique part removal times 
giving PRT = {3, 5, 7, 11}. Only the last part having a part removal 
time of 11 is hazardous; only the last part having a part removal time 
of 7 is demanded. The first of each part with part removal times equal 
to 3, 5, 7, and 11 are removed in direction +x, while all others are in 
direction -x. The disassembly line is paced and operated at a speed 
that allows 26 seconds (CT = 26) for each workstation (McGovern and 
Gupta, 2004c, 2007b). Known optimal results include F = 0, H* = 1, 
D* = 2,and R*=l. 
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Analytical 
Methodologies 



12.1 Introduction 

Although combinatorial optimization holds promise in solving the 
DISASSEMBLY LINE BALANCING PROBLEM (DLBP), one of the 
concerns when using heuristics is the idea that very little has been rigor- 
ously established in reference to their performance. Developing ways of 
explaining and predicting their performance is considered to be one of 
the most important challenges currently facing the fields of optimiza- 
tion and algorithms (Papadimitriou and Steiglitz, 1998). These chal- 
lenges exist in the variety of evaluation criteria available (addressed in 
Sees. 8.3 to 8.6), a lack of data sets for testing (disassembly-specific 
instances are addressed in Chap. 10), and a lack of performance analysis 
tools. In this chapter, mathematical and graphical tools for quantitative 
and qualitative analysis are reviewed, focusing on the analytical meth- 
odologies used in evaluating combinatorial optimization searches. 
Section 12.2 discusses the graphical techniques used for qualitative 
analysis and seen in later chapters. Section 12.3 reviews the multicrite- 
ria approach used by all of the combinatorial optimization techniques. 
Section 12.4 introduces the mathematical formulae and statistics used 
for quantitative analysis. Finally, Sec. 12.5 provides an overview of sim- 
ulation, an alternative analysis technique. 



12.2 Graphical Analysis Tools 

Charts and tables provide an intuitive view into the workings and 
performance of search methodologies. Both are used here to enhance 
the qualitative understanding of a methodology's execution and 
status of its terminal state as well as to allow for a comparison of 
relative performance with instance size and when compared to 
other methodologies. 

The tables are used to observe the terminal solution of any single 
instance. The tables used here present a solution in the following 
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format: the sequence n-tuple is listed in the first row, followed by the 
corresponding part removal times, then the workstation assign- 
ments, then the hazard values, followed by the demand values, and 
finally the direction values [keeping in mind the comment in Sec. 11.2 
that the direction representation {+x, -x, +y, -y, +z, -z) is changed 
from (+1, -1, +2, -2, +3, -3} as portrayed in Eq. (8.31) to |0, 1, 2, 3, 4, 
5} for purposes of software engineering]. To improve readability, the 
columns are shaded corresponding to the workstation assignment 
using alternating shades of gray. Use of this format (i.e., tables) 
allows for study of the final solution state as well as potentially 
enabling improvements in algorithm performance due to insights 
gained by this type of observation. 

The second graphical format demonstrated to allow for qualita- 
tive study of techniques and their solutions consists of a graphical 
comparison of known best- and worst-case results with the results/ 
averaged results (deterministic techniques /stochastic techniques) of 
a solution technique under consideration. The charts are used to 
observe multiple, varying-size solutions of the DLBP A Priori 
instances. Multiple charts are used to display the various perfor- 
mance measures, which are typically demonstrated with the DLBP A 
Priori benchmark data sets of sizes n = {8, 12, 16, 80}. The near- 
optimal solutions, coupled with the known optimal and nominal 
solutions for all problem sizes under study, provide a method for not 
only comparing the methodologies to the best and worst cases, but to 
other methodologies as well. Computational complexity is portrayed 
using time complexity (analysis of the time required to solve a par- 
ticular size instance of a given problem) while space complexity (analy- 
sis of the computer memory required to solve a particular size instance 
of a given problem) is not considered (Rosen, 1999). All time com- 
plexities are provided in asymptotic notation (big-oh, big-omega, and 
big-theta) when commonly known or when calculated wherever 
possible in Chap. 13 through Chap. 19. "Time complexity" typi- 
cally refers to worst-case runtimes, while in the "Numerical 
Results" sections of these chapters (Sec. 13.3, 14.6, 15.5, 16.3, 17.3, 
18.3, and 19.4) the runtimes provide a qualitative description of the 
studied methodologies, so the experimentally determined time com- 
plexities are presented with the understanding that the information is 
the average-case time complexity of the particular software written for 
the problem used with a specific instance (see Sec. 6.2). In Part II the charts 
used include number of workstations with the optimal number of work- 
stations, balance measure with the optimal balance measure, normalized 
(as defined in Sec. 12.4) balance measure with the optimal and 
nominal balance measures, hazard measure with the optimal and 
nominal hazard measures, demand measure with the optimal and nomi- 
nal demand measures, direction measure with the optimal and nomi- 
nal direction measures, average-case time complexity with overlaid 
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first-, second-, or third-order polynomial trend line (linear or polyno- 
mial regression models), average-case time complexity with 
third-order and exhaustive growth curves, and average-case time 
complexity with a second-order curve. Note that "number of work- 
stations" and "idle time" measures are analogous (e.g., one can be 
calculated from the other) so only "number of workstations" is calcu- 
lated and displayed. Also, while "number of workstations" and "bal- 
ance" are both calculated in various ways and displayed in separate 
graphs, they are strongly related as well. Both are presented to allow 
insight into the search processes and further quantify the efficacy of 
their solutions; however, it should be noted that, for example, a 
solution optimal in balance — using the definition from Sec. 7.3 — must 
also obviously be optimal in the number of workstations. 

The overlaid linear or polynomial fitted regression lines assist 
with determining the order of some of the very fast heuristics used 
here. With the software set up to measure timing down to 1/ 100th of 
a second and some of the heuristics running on that order (or in some 
cases even faster), these average-case time complexity curves may 
give the appearance of making dramatic steps up or down when this 
is actually more of an aberration of the order of the timing data that is 
collected. For that reason, showing the average-case time complexity 
with its regression line displays both the actual data and more impor- 
tantly, the shape of the time growth in n. 

Note that with the third-order and exhaustive growth curves and 
with the average-case time complexity and second-order curves, the 
actual average-case time complexity curve under consideration is often 
not even readily visible. Even so, average-case time complexity with the 
third-order and exhaustive growth curves helps to show how relatively 
fast all of these techniques are, while average-case time complexity with 
the second-order curve defines the methodology's speed and rate of 
growth in even more detail while relating it to a known quantity. 



12.3 Multiple-Criteria Decision-Making Considerations 

One of the ways in which the complexity of the DLBP manifests itself 
is with the multiple, often conflicting objectives as defined in Sec. 8.2. 
The field of multiple-criteria decision making (MCDM) provides a vari- 
ety of means for addressing the selection of a solution where several 
objectives exist. The bulk of MCDM methods involve multicriteria 
versions of linear programming (LP) problems. Since the DLBP requires 
integers exclusively as its solution, it cannot be formulated as a lin- 
ear programming model. Additionally, since the objective described 
by Eq. (8.7) is nonlinear, the DLBP is not linear either (a requirement 
of linear programming, though this can be remedied using a version 
of the descriptions in Definition 7.1 of Sec. 7.3). Also, many MCDM 
methods rely on weighting. These weights are in proportion to the 
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Procedure BETTER_S0LUT10N (new _solution, best_solution) { 

IF (new_solution.F < best_solution.F 

v 

(new_solution.F < best_solution.F a 
new_solution.H < best_solution.H) 

v 

(new_solution.F < best_solution.F a 
new_solution.H < best_solution.Fl a 
new_solution.D < best_solution.D) 

v 

(new_solution.F < best_solution.F a 
new_solu1ion.H < best_solution.H a 
new_solution.D < best_solution.D a 
new _solution.R < best_solution.R)){ 
RETURN (TRUE) 

RETURN (FALSE) 
Figure 12.1 Multicriteria selection procedure. 



importance of each objective. Weights are not desirable for the exam- 
ples given since any results would be expected to be influenced by 
the weights selected. While this is appropriate for an application of 
these methodologies to an applied problem and using experts to 
select the appropriate weights, here weighting would only serve to 
add an additional level of complexity to the comprehension of the 
problem and the demonstrated solutions. In addition, since the 
examples in Part II are not applied to a particular, unique disassem- 
bly situation but rather to the DLBP in general, the assignment of 
weighting values would be completely arbitrary and hence add little, 
if any, value to the final analysis of any results. Finally, the use of 
weights may not adequately reflect the generalized performance of 
the combinatorial optimization methods being studied; nuances in 
the methods, the data, and the weights themselves may generate 
atypical, unforeseen, or nonrepeatable results. For these reasons, a 
simplified process is demonstrated to select the best solution (Fig. 12.1). 
Based on the priorities listed in Sec. 8.2, the balance is the primary 
objective used to search for an optimal solution [note the use of 
"less than" (<) and "less than or equal to" (<) signs in Fig. 12.1 indi- 
cating the desire for the better solution to be on the left side of the 
inequality since we are seeking to minimize all measures]. Given 
multiple optimum extreme points in F, early removal of hazardous 
parts is then considered. Given multiple optimum extreme points 
in F and H, early removal of high-demand parts is considered next. 
Finally, given multiple optimum extreme points in F, H, and D, 
adjacent removal of parts with equivalent part removal directions 
is considered. 

This process has its basis in two MCDM techniques. 
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The feasible region in a linear programming problem (and in the 
DLBP) is usually a multidimensional subset of R 2 containing an infi- 
nite (finite in the DLBP) number of points. Because it is formed by the 
intersection of a finite number of closed half-spaces (defined by < and >, 
i.e., the inequality constraints) and hyperplanes (equality constraints) it 
is polyhedral. Thus, the feasible region is closed and convex with a finite 
number of extreme points. The simplex method for solving linear pro- 
gramming problems exploits the polyhedral properties in the sense 
that the optimal solutions can be found without having to examine all 
of the points in the feasible region. Taking the steepest gradient fol- 
lowing each point examined accomplishes this. Conventional LP 
algorithms and software terminate their search once the first optimal 
extreme point is found (in our example, once the first P is found). 
They fail to identify alternative optima if they exist. In general, an LP 
instance may have one or more optimal extreme points and one or 
more unbounded edge(s) (though the latter would not be expected of 
the DLBP since it should be contained within the convex hull of a 
polytope, i.e., a finite region of n-dimensional space enclosed by a finite 
number of hyperplanes). The optimal set is the convex combination 
(i.e., the set of all the points) of all optimal extreme points and points 
on unbounded edges. It is therefore desired to test all optimal extreme 
points. This can be done by pivoting and is performed using what is 
known as the phase III bookkeeping system (Steuer, 1989). Determining 
all alternative optima is enabled in a similar way using the routine 
shown in Fig. 12.1 (as long as the combinatorial optimization technique 
in question is able to visit those extreme points). 

An additional MCDM technique that the process in Fig. 12.1 bor- 
rows from is preemptive (lexicographic) goal programming (GP). GP was 
initially conceived by Charnes et al. (1955) and Charnes and Cooper 
(1961) and conceptualizes objectives as goals then assigns priorities to 
the achievement of these goals. In preemptive GP, goals are grouped 
according to priorities. The goals at the highest priority level are con- 
sidered to be infinitely more important than goals at the second prior- 
ity level, and the goals at the second priority level are considered to be 
infinitely more important than goals at the third priority level, and so 
forth (note that a search can effectively terminate using GP if a high- 
priority goal has a unique solution; as a result, lower-order goals would 
not have the opportunity to influence the GP-generated solution). This 
process can be readily seen in Fig. 12.1 where "infinitely more impor- 
tant" is enforced using the "less than or equal to" (<) symbol. 

These methods require an introduction to the MCDM concept of 
dominance (see Steuer, 1989). One solution dominates another if at least 
one of the multiple objective values is greater than its alternative, while 
the remaining objective values are all greater than or equal to each of their 
alternatives (when seeking to maximize the objectives; multiply objective 
function(s) by -1 when seeking to minimize). One solution strongly domi- 
nates another if all objective values are greater than their alternatives. 
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Finally, this book makes use of the term "optimal" to describe the 
best solution. It should be noted that in the field of MCDM this term 
is changed to "efficient" — also, nondominated, noninferior, or Pareto 
optimum (for Italian economist Vilfredo Pareto who described a situa- 
tion where it is not possible to improve the economic situation of 
some people without making others worse off) — where there is no 
unique solution that maximizes all objectives simultaneously. With 
this understanding, "optimal" will continue to be used to refer to the 
best answer possible for a given instance and meeting the criteria set 
in Fig. 12.1. Additional information on the two listed MCDM tech- 
niques as well as formal mathematical definitions for the various 
terms used in this section can be found in Steuer (1989). 



12.4 Normalization and Efficacy Index Equations 

In order to make the balance results comparable in magnitude to 
all other measures and to allow for more legible graphical com- 
parisons with worst-case calculations in the charts, the effects of 
squaring portions of Eq. (8.6) can be compensated for by taking the 
square root of the resulting F.F, . or F . This will subsequently 

1 O ' lower upper -1 J 

be referred to in this text as normalizing (to reflect the concept of a 
reduction in the values to a common magnitude). While using Eq. (8.6) 
is desirable to emphasize the importance of a solution's balance as 
well as to drive stochastic search processes toward the optimal 
solution, normalization allows for a more intuitive observation of 
the relative merits of any two solutions. For example, solutions 
having an equal number of workstations (e.g., NWS = 3) but differing 
idle times at each workstation (I.) resulting in differing balance such 
as I. = (1, 1, 4) and I. = (2, 2, 2) (optimal) would have balance values 
of 18 and 12 respectively, while the normalized values would stand 
at 4.24 and 3.46, still indicating better balance with the latter solu- 
tion, but also giving a sense of the relative improvement that solu- 
tion provides, which the measure generated by Eq. (8.6) lacks. 

The primary mathematical tool used here for quantitative analy- 
sis is shown in Eq. (12.1) and referred to as the efficacy index. The 
efficacy index is the ratio of the difference between a calculated mea- 
sure x and its worst-case measure x to the measure's sample range 

upper r o 

[i.e.. the difference between the best-case measure x, and the worst- 

L ' lower 

case measure as given by: max(X ) - min(X 7 ) | y, z e {1, 2, . . ., |X| } from 
the area of statistical quality control] expressed as a percentage and 
described by [with the vertical lines in Eqs. (12.1) and (12.2) repre- 
senting absolute value versus cardinality as is seen elsewhere in this 
book] 
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This generates a value between and 100 percent, indicating the percent- 
age of optimum for any given measure and any given solution-generating 
methodology being evaluated. For example, the efficacy index formula for 
balance would read 

100 -IF -F| 



f IF -F I 

I upper lower I 



For multiple data sets being simultaneously studied, such as 
those given in Sec. 11.5, probability theory presents us with the con- 
cept of a sample mean. The sample mean of a method's efficacy index 
is calculated using 



EI* 



y loo -|x -x. lA 



I 



upper 



X — X 

1=1 I upper lower I . 



(12.2) 



where y is the sample size (the number of data sets). While Eq. (12.1) 
provides individual data set size efficacy indices — especially useful 
in demonstrating worst and best case as well as trends with instance 
size — Eq. (12.2) allows a single numerical value that provides a quan- 
titative measure of the location of the data center in a sample. Though 
not formulated here, another analysis tool for use when considering 
multiple data sets is standard deviation, which can provide addi- 
tional insights into the data as well as to the solution methodology. 

While they are not necessary for the DLBP, note that the absolute 
value function allows the efficacy index to be used for a problem 
other than the DLBP and in the case where a large number represents 
a better result, rather than requiring the upper- and lower-bound ref- 
erences be exchanged in Eqs. (12.1) and (12.2). 

An additional quantitative tool can be borrowed from the field of 
statistics. Simple linear regression and correlation (using the sample coef- 
ficient of determination), and polynomial regression and its associated 
coefficient of multiple determination can be used to quantify the accu- 
racy of the curves discussed in Sec. 12.2 and to provide the regression 
equation. 

Once the degree of the polynomial regression model is qualita- 
tively determined, the regression equation can be automatically cal- 
culated by mathematical software (using, e.g., a common spreadsheet 
software application), as can the coefficient of determination. In this 
text, the charts containing the combinatorial optimization methodol- 
ogy with the third-order and exhaustive growth curves, and with the 
second-order curve are used not only to provide a qualitative, graph- 
ical comparison, but also (along with the detailed time complexity 
curves) to determine the degree (order) of the fitted polynomial regres- 
sion curve. Once the order is observed by comparison, either a linear 
or a polynomial regression model is selected. All six of the heuristic 
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methodologies demonstrated here are either first (linear), second, or 
third order; this corresponds to average-case time complexities of 
O(n), 0(n 2 ), or 0{n 3 ). 

The coefficient of determination is the final portion of the quanti- 
tative component of the study. This value represents the portion of 
the variation in the collected data explained by the fitted curve. The 
coefficient of determination is then multiplied by 100 to illustrate the 
adequacy of the fitted regression model, indicating the percentage of 
variation time that can be attributed to the size of the data set. The closer 
the value comes to 100 percent, the more likely it is an accurate model. 
While the coefficients of the polynomial regression model are of interest 
in presenting as accurate a growth curve model as possible, of greater 
value is the order of the model since the largest exponent is the only 
variable of interest in complexity theory. 



12.5 Simulation 

Though not demonstrated in this text, another methodology for ana- 
lyzing complex problems such as the DLBP is simulation. The Defense 
Acquisition University (2009b) provides a detailed background in the 
concepts of modeling and simulation starting with several defini- 
tions. A model is described as a physical, mathematical, or otherwise 
logical representation of a system, entity, phenomenon, or process, 
while modeling is listed as an application of a standard, rigorous, 
structured methodology to create and validate a physical, mathemat- 
ical, or otherwise logical representation of a system, entity, phenom- 
enon, or process. Simulation is then a method of implementing a 
model over time or as a sequence of events. Also, it is a technique for 
testing, analysis, or training in which real-world systems are used, or 
where real-world and conceptual systems are reproduced by a model. 
A simulator is described as a device, computer program, or system 
that performs simulation. Finally, modeling and simulation is the use of 
models, including emulators, prototypes, simulators, and stimula- 
tors, either statically or over time, to develop data as a basis for making 
managerial or technical decisions; it is noted that the terms "modeling" 
and "simulation" are often used interchangeably. 

There are a variety of definitions of models. One way to distin- 
guish among models is by classifying them as static and dynamic 
models; structural and behavioral models; and physical and comput- 
erized models. A more common listing of model types includes math- 
ematical, static, dynamic, process, and physical. 

A mathematical model is defined as a symbolic model whose 
properties are expressed as mathematical symbols and relationships 
(in contrast with graphical, narrative, software, or tabular models); 
for example, a model of a nation's economy expressed as a set of 
equations. A static model is a model of a system in which there is no 
change (e.g., a scale model of a bridge, studied for its appearance 
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rather than for its performance under varying loads). Adynamic model 
is a model of a system in which there is change, such as the occur- 
rence of events over time or the movement of objects through space 
(e.g., a model of a bridge that is subjected to a moving load to deter- 
mine characteristics of the bridge under changing stress). A process 
model is a model of the processes performed by a system (e.g., a model 
that represents the software development process as a sequence of 
phases). Finally, a physical model is a model whose physical character- 
istics resemble the physical characteristics of the system being mod- 
eled (e.g., a plastic or wooden replica of an airplane, a mock-up of the 
inside of a car, a scale model of a building). While each of these model 
types has its own benefits and weaknesses, in the type of demanufac- 
turing analysis considered here, a mathematical model is the most 
applicable. 

There are also various types of simulations. Generally, a simu- 
lation is the use of a model to understand the system that has been 
represented. Usually this is a study of the time evolution of sys- 
tems and how to carry out realizations of the model to make pre- 
dictions. There are three types of simulations: constructive, virtual, 
and live. The virtual simulation is most commonly used in the 
types of studies in this text. A virtual simulation is generally one that 
is a synthetic representation of environments patterned after the 
actual organization, operations, or equipment. A constructive simu- 
lation is one that involves real people making inputs into a simula- 
tion that carries out those inputs by simulated people operating 
simulated systems. This is also referred to as human-in-the-loop. A 
live simulation is one that involves real people operating real sys- 
tems in real environments. 

Modeling and simulation requires verification and validation 
(V&V). Verification determines accuracy, completeness, consistency, 
and traceability within and among developmental products. It typ- 
ically consists of providing a wide range of inputs to a module of 
the software to ensure proper operation of an individual software 
component. Validation evaluates the product as a whole, compar- 
ing it with respect to the intended use. It determines whether or 
not the software program as a whole provides a correct output for 
given input, possibly necessitating (in the case of the DLBP and 
similar problems) varying-size data sets with known optimal 
results. (A possible follow-on to V&V is accreditation, which is an 
official certification that a model or simulation is acceptable for use 
for a specific purpose.) V&V helps to understand strengths and 
weaknesses in order to gain acceptance of the model and its results, 
understand the model's capabilities, increase confidence in the 
simulation output, and provide evidence to substantiate informed 
decisions. 

While simulation is an acceptable methodology — and often the 
only practical one (e.g., for the analysis of complex just-in-time 
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systems) — for addressing a production-related problem such as the 
DLBP, it differs significantly from optimal methods and heuristics in 
a significant way. Simulation provides a descriptive solution as 
opposed to a prescriptive solution. (The two primary types of model- 
ing techniques are prescriptive models — where the model prescribes a 
solution; e.g., linear programming — and descriptive models — where 
the model describes a situation to allow for analysis but does not pro- 
vide a solution; e.g., queuing theory). As such, simulation can show 
what a complex model performs using given parameters, but cannot 
give the optimal or near-optimal solution (there are creative excep- 
tions to this, including cases where some type of sensitivity analysis 
can be used to quickly modify significant parameters, as well as prob- 
lems where there are a limited number of discrete values that need to 
be simulated; e.g., finding the optimal number of supermarket check- 
out lines where one would line be a minimum and the store size 
would physically bound the maximum). 



CHAPTER 



Exhaustive Search 



13.1 Introduction 

An exhaustive search algorithm is presented for obtaining the optimal 
solution to small instances of the DISASSEMBLY LINE BALANCING 
PROBLEM (DLBP). Exhaustive search provides the optimal solution 
to many problems, including NP-complete problems. However, its 
exponential time complexity quickly reduces its practicality necessi- 
tating the use of combinatorial optimization techniques, which are 
instrumental in obtaining optimal or near-optimal solutions to prob- 
lems with intractably large solution spaces. 

Exhaustive search is a deterministic search method and is one of 
the three processes demonstrated here that are not iterative in nature; 
that is, they are not designed to look for incremental improvements 
on each new solution found. Both of these observations are trivial 
when considering exhaustive search since it looks at all answers with 
the result being optimal (therefore, it gives the same answer every 
time it is run and there is no room for improvement in the quality of 
the solution). 

This chapter focuses on the design and structure of an exhaustive 
search algorithm and its performance, providing a baseline for later 
comparison with the six other combinatorial optimization searches. 
Section 13.2 provides background on the exhaustive search itself and 
considers its theoretical time complexity. Section 13.3 documents the 
exhaustive search results when run using the instances from Chap. 11. 
Finally, Sec. 13.4 summarizes the results of the analysis performed in 
this chapter. (Sec. 10.3 provided an introduction to exhaustive search.) 



13.2 Model Description 

An exhaustive search algorithm (McGovern and Gupta, 2007c) is 
used to confirm the exponential time growth of exhaustive search, to 
provide a time complexity benchmark for the subsequent heuristic 
studies, and to determine the optimal solutions for any data set up to 
a given size (based on a reasonable search time). The exhaustive 
algorithm used here is built around a recursive function (Fig. 13.1) 
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Procedure GENERATE (q){ 

IF ((q = = 0) a (PRECEDENCE_PASS))/' 

CALC_PERFORMANCE 

IF (FIRST_PERMUTATION_GENERATED)/ 
SET best_solution : = newjsolution 

} 

IF (BETTER_SOLUTION (new_solution, best_solution)) { 
SET best_solution: = new _solution 

} 

} 

V keP{ 

EXCHANGE (k, q-1) 
GENERATE (q- 1) 
EXCHANGE (k, q - 1) 

} 

RETURN 

} 

Procedure EXCHANGE (x,y){ 
SET temp : = PS r 
SET PS V : = PS,,' 
SET PS,, : = temp 
RETURN 



Figure 13.1 Recursive backtracking algorithm to generate all permutations 
of q numbers and save the best sequence visited. 

that generates all permutations of a sequence of n numbers (given 
the input q = n when it is first called) with each number representing 
a disassembly task and the order of the numbers representing the 
disassembly sequence. The purpose of this exhaustive algorithm is 
to find every subset of the data set (every permutation) and, from all of 
those subsets, find the solution set that best satisfies the multicriteria 
performance requirements by checking against all other permutations. 
The solution performance was computed based on the subroutine 
described in Sec. 12.3 after F, H, D, and R measures are calculated 
using Eqs. (8.6), (8.18), (8.26), and (8.32). 

This procedure effectively performs a search of all arcs connect- 
ing all vertices (the only exception being an arc which would cause 
the precedence to fail as determined by the PRECEDENCE_PASS 
routine) in a depth-first search ordering. The algorithm grows each 
solution sequence from the first vertex to the last, checking for fea- 
sibility then, if precedence is maintained to this point in the 
sequence, calculating F, H, D, and R (and other values including 
number of workstations), then continues to the next arc and vertex. 
Once a sequence is successfully generated, the next sequence is 
started and the process repeats. The first sequence generated is 
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defaulted to be the best solution found thus far. This "best solution" 
is later replaced by any new sequence that performs better in accor- 
dance with the multicriteria subroutine of Chap. 12. The worst-case 
time complexity of the recursive depth-first search routine [big-oh 
of 0(n!)] is also equal to the best-case [big-omega of £2(n!)] with the 
tight time complexity asymptotic bound then listed as having a big- 
theta of 8(n!). 



.3 Numerical Results 

DLBP Exhaustive Search is used to solve all of the instances of size 
n < 12. Any problems larger than n = 12 are not attempted due to the 
excessive calculation time involved. This is not a drawback for the 
DLBP A Priori instances since, by design, their optimal solution is 
already known. In addition, optimal solutions for the personal 
computer (PC) instance and the 10-part instance can be successfully 
generated. The only instance for which the optimal solution is not 
known is the cellular telephone instance. Solutions to this instance 
will be treated in a traditional NP-complete benchmark format as 
discussed in Sec. 11.5.1. 

13.3.1 Personal Computer Instance 

DLBP Exhaustive Search is able to rapidly find the optimal solution 
to the PC instance, taking less than 1 /100th of a second. The solu- 
tion, as seen in Table 13.1 requires four workstations and results in 
F* = 33, H* = 7, D* = 19,025, and R* = 6. This solution consists of the 
workstations having 2 to 4 seconds per workstation of idle time, 
providing idle times at each workstation of at least 5 percent but not 
more than 10 percent of the total disassembly time of the 40 seconds 
allocated. 

The speed in obtaining the optimal solution is primarily attrib- 
uted to the small instance size. While DLBP Exhaustive Search gen- 
erates all permutations of the search space, once a solution is 
deemed infeasible due to the precedence constraints, the algorithm 
does not perform any of the related (and time-consuming) perfor- 
mance calculations. 
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Table 13.1 Exhaustive Solution Using the Personal Computer Instance 
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Table 13.2 Exhaustive Solution Using the 10-Part Instance 

13.3.2 The 10-Part Instance 

DLBP Exhaustive Search is also able to rapidly find the optimal solu- 
tion to the 10-part instance, averaging 0.03 seconds. The solution, as 
seen in Table 13.2, requires five workstations and results in P = 211, 
H* = 4, D* = 9730, and R* = 7. 

Again, the speed in obtaining the optimal solution is attributed 
both to the small instance size and the fact that the precedence con- 
straints enables DLBP Exhaustive Search to minimize time spent on 
many of the possible (but infeasible) sequence permutations. 

13.3.3 Cellular Telephone Instance 

DLBP Exhaustive Search has not been used to solve the cellular 
telephone instance. Using the DLBP A Priori instances (which run 
slightly slower due to a lack of precedence constraints), n = 8 averaged 
0.10 seconds, while n = 12 averaged 1,476.44 seconds (just under 25 min- 
utes). At this rate it could be conservatively estimated (assuming a 
10-fold increase for each single increment of n; this approximates the 
observed growth but is actually slower than its true n\ growth) that 
n = 13 would take over 4 hours, n = 14 would take almost 2 days, n = 15 
would run over 2 weeks, n = 16 almost 6 months, n = 17 over 4% years, 
and so forth. Based on its size of n = 25, it is roughly estimated that the 
cellular telephone instance would take DLBP Exhaustive Search over 
465,000,000 years on the search space of 25! or 1.551 x 1025. 



13.3.4 DLBP A Priori Problem Instances 

The DLBP Exhaustive Search technique can be seen below on the 
DLBP A Priori data with n = 12 (Table 13.3). The optimal solution 
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Table 13.3 Exhaustive Solution Using the A Priori Instance at n = 12 
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found agrees with the Sec. 11.5 measures of NWS" = 3 workstations, 
P = 0, H" = 1, D* = 2, and R* = 1. The time to complete the search aver- 
aged 24.61 minutes. Per Table 11.6, note that this is only one of 10,368 
optimum extreme points at n = 12 (and based on the multicriteria 
subroutine in Chap. 12, it is also known to be the very first optimal 
solution visited by the Exhaustive Search process). 

As the first of the multiple optimum extreme points that is found, 
the sequence also demonstrates the backtracking methodology. Ignor- 
ing the positions of the hazardous and high-demand parts as well as 
the parts with part removal directions of 1, it can be seen then from 
position k = 3 to k = 8 that the parts placed earliest in the sequence are 
those with the lowest part identification values. This indicates that 
Exhaustive Search proceeds from candidate sequence (1, 2, n) 
through to (n, . . ., 2, 1). 

Figure 13.2 provides the plot of runtime versus instance size using 
the DLBP A Priori benchmark for the exhaustive algorithm and a 
third-order curve for growth comparison and to demonstrate how 
the exhaustive search runtime rapidly increases with instance size. As 
discussed in Sec. 13.3.3, a DLBP A Priori instance size of n = 12 tasks is the 
largest practical size for analysis with the next size up (n = 16) considered 
to be effectively intractable. Faster computers and programming tricks 
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Figure 13.2 Exhaustive Search time complexity. 
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can significantly speed this up but the growth in exhaustive search is 
exponential nonetheless. Using the DLBP A Priori instances in the 
range of n = {8, 12, 16, . .., 80}, only the n < 12 sized instances can be 
solved in a reasonable amount of time using the recursive Exhaustive 
Search algorithm. Upon closer study, the algorithm's runtime T(n) is 
seen to increase with instance size at just over n\, specifically T(n) °c 
1.199(n!). This is in agreement with the time complexity of the recur- 
sive depth-first search (i.e., backtracking) as reported in Sec. 13.2. The 
time complexity of Exhaustive Search can then be described as 0(n!) 
or factorial complexity (Rosen, 1999). While commonly considered to 

be exponential growth (since the big-oh estimate for n! = 1 * 2 * 3 

n <n ■ n ■ n n = n"), it is actually even slower than the definition 

of exponential growth, which is 0(b") where b > 1 (Rosen, 1999) and 
assuming b is constant. [Note that using the actual growth propor- 
tionate to 1.199(w!) gives an w = 16 runtime of 2.05 years and a cel- 
lular telephone instance runtime of 15,162,296,041 centuries; the 
universe is generally accepted to be 137,000,000 centuries old.] 

While DLBP Exhaustive Search is limited in the size and number 
of instances it can solve, due to the nature of the DLBP A Priori bench- 
mark instances, this does not pose any drawback since the optimal 
solution can always be calculated using the information and formu- 
lae in Sec. 11.5.2. This is the intent and part of the design of the bench- 
mark instances. Searching for the optimal solution on smaller size 
instances, both confirm the functionality of the exhaustive search and 
provides for a baseline time complexity. 



13.4 Conclusions 

In this chapter an exhaustive search algorithm was presented for 
determining the optimal solution to several instances of the DISAS- 
SEMBLY LINE BALANCING PROBLEM as well as to provide a time 
complexity baseline for comparison with other search techniques. 
The exhaustive search shown is based on a depth-first, recursive 
algorithm that was modified for the DLBP and its multicriteria selec- 
tion methodology. Though impractical for all but the smallest prob- 
lems, exhaustive search can provide the optimal solution for all DLBP 
instances (and all NP-complete problems as well). In addition, at this 
time it is the only optimal methodology for all combinatoric prob- 
lems. However, until the advent of computing machines that are not 
categorized as "reasonable," purely exhaustive search has little prac- 
tical application. 



CHAPTER 



Genetic Algorithm 



14.1 Introduction 

A genetic algorithm (GA) is presented for obtaining solutions to the 
DISASSEMBLY LINE BALANCING PROBLEM (DLBP). The genetic 
algorithm considered here involves hot-started or randomly gener- 
ated initial populations with crossover, mutation, and fitness compe- 
tition conducted over many generations. The methodology is applied 
to the four experimental instances and the average results for each 
are then analyzed. 

G A is the first of two stochastic methods used in Part II and is also 
one of two methodologies here classified as metaheuristics. This chap- 
ter introduces the genetic algorithm and the DLBP variant. Section 14.2 
provides background on the genetic algorithm. This section also con- 
siders the theoretical time complexity of the GA. Section 14.3 introduces 
details of the DLBP implementation of G A, including the selection of a 
crossover operator. Section 14.4 provides the justification for modifica- 
tions made to the architecture of a traditional GA in the interest of 
addressing algorithm actions that may be detrimental to the specific 
problem as presented by the DLBP. Section 14.5 reviews the numerical 
constants used in the DLBP GA, while Sec. 14.6 documents the G A search 
results when run using the instances from Chap. 10. Finally, Sec. 14.7 
summarizes the results of this chapter. (Section 10.4 provides a back- 
ground in genetic algorithms.) 



14.2 Model Description 

The chromosome (solution) consists of a sequence of genes (parts for 
the DLBP). A pool, or population, of size N is used. Only feasible disas- 
sembly sequences are allowed as members of the population or as off- 
spring. The fitness is computed for each chromosome using the method 
for solution performance determination as described in Sec. 12.3. 

The time complexity is a function of the number of generations, 
the population size N, and the chromosome size n. As such, the run- 
time is seen to be on the order of n-N-(number of generations). Since, 
in this chapter, both the population and the number of generations 
are considered to stay constant with instance size, the best-case time 
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complexity of GA is seen to have an asymptotic lower bound of Q(n). 
Because the worst-case runtime also requires no more processing 
time than T(n) <x n-N (number of generations), the worst-case time 
complexity of GA has the asymptotic upper bound 0(n), so GA there- 
fore exhibits a tight time complexity bound of Q(n). 



14.3 DLBP-Specific Genetic Algorithm Architecture 

The GA for the DLBP is constructed as follows (McGovern et al., 2003; 
McGovern and Gupta, 2007a). An initial, feasible population is ran- 
domly generated and the fitness of each chromosome in this genera- 
tion is calculated. (The sole exception to this is taken for the cellular 
telephone instance where the primary technique of randomly generat- 
ing the initial population is ineffective due to the instance's relatively 
large size and numerous precedence constraints, so four feasible and 
diverse solutions are manually generated to hot start DLBP GA.) An 
even integer of R -N parents is then randomly selected for crossover to 
produce R -N offspring [offspring make up (R -NT00) percent of each 
generation's population]. An elegant crossover, the precedence preser- 
vative crossover (PPX) developed by Bierwirth et al. (1996) is used here 
to create the offspring. As shown in Fig. 14.1, PPX first creates a mask 
(one for each child, every generation). The mask consists of random Is 
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and 2s indicating which parent part information should be taken from. 
If, for example, the mask for child 1 reads 22121112, the first two parts 
(i.e., from left to right) in parent 2 would make up the first two genes of 
child 1 (and these parts would be stricken from the parts available to 
take from both parent 1 and 2); the first available (i.e., not stricken) part 
in parent 1 would make up gene three of child 1; the next available part 
in parent 2 would make up gene four of child 1; the next three available 
parts in parent 1 would make up genes five, six, and seven of child 1; 
the last part in parent 2 would make up gene eight of child 1. This tech- 
nique is then repeated using a new mask for child 2. 

After crossover, mutation is randomly conducted. Mutation is occa- 
sionally (based on the R value) performed by randomly selecting a 
single child, then exchanging two of its disassembly tasks while ensuring 
precedence is preserved. The R-N least-fit parents are removed by sort- 
ing the entire parent population from worst-to-best based on fitness. 

Since the GA saves the best parents from generation to generation 
and it is possible for duplicates of a solution to be formed using PPX, 
the solution set could contain multiple copies of the same answer 
resulting in the algorithm potentially becoming trapped in a local 
optima. This becomes more likely in a GA with solution constraints 
(such as precedence requirements) and small populations, both of 
which are seen in this study. To avoid this, DLBP GA can be modified 
to treat duplicate solutions as if they had the worst fitness perfor- 
mance (highest numerical value), relegating them to replacement in 
the next generation. With this new ordering, the best unique (1 - R)-N 
parents are kept along with all of the R-N offspring to make up the 
next generation then the process is repeated. To again avoid becom- 
ing trapped in local optima, DLBP GA — as is the case with many 
combinatorial optimization techniques — is run not until a desired 
level of performance was reached but rather for as many generations 
as deemed acceptable by the user. Since DLBP GA always keeps the 
best solutions thus far from generation to generation, there is no risk 
of solution drift or bias, and the possibility of mutation allows for a 
diverse range of possible solution space visits over time. See Figs. 14.2 
and 14.3 for DLBP GA details. 



14.4 DLBP-Specific Qualitative Modifications 

DLBP GA is modified from a general GA in several ways. Instead of the 
worst portion of the population being selected for crossover, in DLBP 
GA all of the population is (randomly) considered for crossover. This 
better enables the selection of nearby solutions (i.e., solutions similar to 
the best solutions to-date) common in many scheduling problems. Also, 
mutation is performed only on the children, not the worst parents. This 
is done to address the small population used in DLBP GA and to coun- 
ter PPX's tendency to duplicate parents. Finally, duplicate children are 
sorted to make their deletion from the population likely since there is a 
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tendency for the creation of duplicate solutions (due to PPX) and due to 
the small population saved from generation to generation. 



14.5 DLBP-Specific Quantitative Modifications 

A small population has been used (20 versus the more typical 10,000 
to 100,000) to minimize data storage requirements and simplify anal- 
ysis [except for the personal computer (PC) case study where the 
generations are also varied as part of the study] while a large num- 
ber of generations have been used (10,000 versus the more typical 10 
to 1000) to compensate for this small population while not being so 
large as to take an excessive amount of processing time. This is also 
done to avoid solving all cases to optimality since it is desirable to deter- 
mine the point at which the DLBP GA's performance begins to break 



Procedure DLBPJGA { 

INITIALIZE_DATA { Load data: part removal times, etc. ) 

SET count := 1 j count is the generation counter J 

FOR N DO: { Randomly create an initial population } 

DO: 

RANDOMLY_CREATE_CHROMOSOME 
WHILE (PRECEDENCE_FAIL) 

CALC_FITNESS { Establish the initial solution's fitness ) 

{ Determine no. of parents for reproduction 

SET num_parents := N ■ R x reproduction } 

{ Ensure an even number of parents } 

SET num _parents :~ 2 ■ (num_parents/2) 

{ Note: num _parents is typed as an integer } 

DO: { Run GA for MAX_GENERATIONS ) 

{ Randomly order the parents for breeding } 
RANDOMIZE_PARENTS 

{ Perform crossover using PPX } 
FOR num _parents DO: 
CROSSOVER 

IF FLIP(R,„) DO: { FLIP equals 1 R, n % of the time, else ) 
{ Randomly select and mutate a child } 
MUTATE_CHFLD 

{ Sort: best parents to the last positions } 
REMOVE_LEAST_FIT 

{ Duplicate answers to the front and re-sort j 
REMOVE_REPEATS 

{ Add children to the population } 
CHILDREN_TO_POOL 

FOR A 1 DO: { Calculate each solution's fitness | 

CALC_FITNESS 



{ Next generation J 

count := count + 1 
WHILE (count< MAX_GENERATIONS) 

SAVE the last chromosome as the best_sohition 

I 



Figure 14.2 Pseudocode of the DLBP GA procedure. 
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Figure 14.3 

Flowchart of the 
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Randomly select R X N parents 
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Randomly mutate R m ■ 100% of children 



Remove R X N duplicates and least-fit parents 



Add children to population 



Calculate fitness of new generation 




End 



down and how that breakdown manifests itself. Lower than the rec- 
ommended 90 percent (Koza, 1992), a 60 percent crossover is selected 
based on test and analysis. Developmental testing indicated that a 
60 percent crossover provided better solutions and did so with 
one-third less processing time. Previous assembly-line balancing 
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literature that indicated best results, have typically been found with 
crossover rates of 0.5 to 0.7, also substantiated the selection of this 
lower crossover rate. A mutation is performed about one percent of 
the time. Although some texts recommend 0.01 percent mutation 
while applications in journal papers have used as much as 100 per- 
cent mutation, 1.0 percent gave excellent algorithm performance for 
the DISASSEMBLY LINE BALANCING PROBLEM. 



14.6 Numerical Results 

The GA has been run on each of the four experimental instances from 
Chap. 10 with the results analyzed in this section. 

14.6.1 Personal Computer Instance 

DLBP GA is first used to solve the PC instance. It is known that there are 
four solutions to the PC instance that are optimal in F alone (McGovern 
and Gupta, 2004d). Since one purpose of the exercise in this section is to 
demonstrate DLBP GA performance with changes in generation size, the 
data was run varying the generations and without the use of hazard, 
demand, or direction data to avoid potential complications in the analysis. 
Due to G A's stochastic nature, it was run a minimum of five times with the 
results averaged to avoid reporting unusually favorable or unusually poor 
results. The DLBP GA converges to moderately good solutions very 
quickly. It is able to find at least one of the four solutions optimal in F after 
no more than 10 generations. 100 generations consistently provides three 
to four of the F-optimal solutions, while 1000 generations almost always 
result in the generation of all four optimal solutions. 

DLBP GA is then applied to the traditional (complete) PC instance. 
The search of this instance (searching 10,000 generations of 20 
chromosomes each) averaged 3.30 seconds over five runs with the 
optimal solution (Table 14.1) of four workstations and F* = 33, H* = 7, 
D* = 19,025, and R* = 6 being found in each of the runs. 

14.6.2 The 10-Part Instance 

DLBP GA finds feasible solutions to the 10-part instance in 3.16 seconds 
when averaged over five runs. Not only is this time slower than DLBP 
Exhaustive Search (which averaged 0.03 seconds) but it also resulted 
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Table 14.1 Typical GA Solution Using the Personal Computer Instance 
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Table 14.2 Typical GA Solution Using the 10-Part Instance 



in only a near-optimal solution. The GA found the optimal solution 
(Table 13.2) of five workstations and F = 211, H* = 4, D* = 9730, and 
R* = 7 during one of the five runs. The optimal number of workstations 
and the optimal balance was found on all of the runs while the 
hazardous part measure averaged H = 4.80 (with a best result being 
the optimal H" = 4 and a worst result of H = 5), the high-demand 
part removal measure averaged D = 9,054.00 (with a best result of 
D = 8885 — better than the optimal solution but at the expense of a 
worse performing hazard measure — and a worst result being the 
optimal measure of D*= 9730), and the part removal direction measure 
averaged R = 7.80 (with a best result being the optimal R* = 7 and a 
worst result of R = 8). A typical solution is shown in Table 14.2. 

Although these results are not optimal, this is more a reflection of 
the challenges posed even by seemingly simple disassembly instances 
more than an indication of any limitations of this technique. Note that 
the inclusion of additional precedence constraints will increasingly 
move GA, and in fact all of the combinatorial optimization methodolo- 
gies, toward optimal (due to a reduction in the feasible search space). 

14.6.3 Cellular Telephone Instance 

DLBP GA is then used to solve the cellular telephone instance. DLBP 
GA finds feasible solutions in 2.26 seconds when averaged over five 
runs. All of the GA solutions make use of 10 workstations and all had 
balance measures of F = 81. The hazardous part measure averaged H = 
78.40 (ranging from a best result of H = 78 to a worst result of H = 79), 
the high-demand part removal measure averaged D = 916.20 (with a 
best result of D = 914 and a worst result of D = 920), and the part removal 
direction measure averaged R = 10.60 (with a best result of R = 10 and a 
worst result of R = 12). A typical solution is shown in Table 14.3. 

GA was never able to generate the optimal number of worksta- 
tions or the optimal balance (with the assumption that NWS = 9 and 
F = 9 is optimal; Gupta et al., 2004). Using the four manually gener- 
ated solutions for a hot start, DLBP GA typically gives five different 
answers over the five runs, providing an indication that the hot-start 
solutions are adequate in number and diversity. 
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Table 14.3 Typical GA Solution Using the Cellular Telephone Instance 



Genetic Algorithm 



Notice that as the instances grow in size, the runtime actually 
decreases. This is attributed to the precedence constraints possessed by 
these three instances, the GA process, and the fixed population and 
number of generations. Since the population and number of generations 
are fixed and do not grow with instance size, any growth in runtime is 
due only to the additional processing time related to larger instances 
(which is rninfmal as is seen later in Fig. 14.11), or challenges in finding 
feasible chromosomes after mutation is performed and during the initial 
population generation. Since the cellular telephone instance used a hot- 
started initial population, this helped to minimize the total runtime of 
that instance. In addition, the number of precedence constraints has an 
effect on the number of feasible solutions as is seen in the longer runtime 
for the smaller PC instance. In effect, with only 16 solutions that are fea- 
sible in the search space (per Sec. 11.2), GA ends up making numerous 
unsuccessful attempts, first at randomly filling the initial population and 
then at randomly mutating the chromosomes in the pool during the run. 
The way DLBP GA is designed, when these attempts fail, the random 
generation or mutation process is repeated until a feasible solution is 
generated. The result of this is the observation that small instances with 
many precedence constraints (resulting in a smaller feasible search space) 
can actually run as long as or longer than some larger instances. 

14.6.4 DLBP A Priori Instances 

The developed GA is then used on the DLBP A Priori benchmark test 
cases to further measure its performance and demonstrate its limita- 
tions. All tests are performed using the previously described popula- 
tion size and mutation rates, and run for 10,000 generations using 
crossover rates of between 60 and 90 percent (with 60 percent reported 
here due to its more favorable time performance and efficacy). The 
population size and number of generations is intentionally selected 
to allow for performance decreases; all measures of efficacy are seen 
to slowly drop off with instance size. 

An example of a GA metaheuristic solution can be seen below 
with n = 12 (Table 14.4). While there is more than one optimal solu- 
tion for the A Priori instances (see Sec. 11.5.3), GA is the only tech- 
nique reviewed here (other than, obviously, Exhaustive Search) that 
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Table 14-4 Typical GA Solution Using the A Priori Instance at n = 12 
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Figure 14.4 GA workstation calculation. 



is able to regularly find one of the multiple optimum extreme points 
(three workstations and F" = 0, H* = 1, D* = 2, and R* = 1). 

When considering all data sets of n = {8, 12, 16, . . ., 80), DLBP GA's 
efficacy index [from Eq. (12.1)] in number of workstations ranges 
from a high of 100 percent, down to 94 percent then stabilizes between 
97 and 98 percent (Fig. 14.4). Overall, as given by Eq. (12.1), DLBP GA 
shows an efficacy index sample mean in number of workstations of 
97 percent. 

Figure 14.5 allows a detailed study of the decrease in perfor- 
mance with increased instance size, demonstrating optimal perfor- 
mance through n = 12 with a rapid decrease in performance through 
n = 24, followed by minor performance improvements until n = 60 
with a similar steep decrease in performance through n = 76, followed 
by another period of minor performance improvements. Balance 
appears to grow almost in a sawtooth-wave fashion. 

The normalized balance efficacy index starts as high as 100 percent 
then drops to 93 to 95 percent; it is never lower than 89 percent 
(Fig. 14.6) and has a sample mean of 94 percent. An instance size of 
n = 16 is seen to be the point at which the optimally balanced solution 
is not consistently found for the selected N and number of genera- 
tions. Although DLBP GA's performance decreases with instance 
size, it can be seen in Fig. 14.6 that the solution found, while not 
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Figure 14.6 Normalized GA balance measure. 
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Figure 14.7 GA hazard measure. 



optimal, is very near optimal and when normalized (as described in 
Sec. 12.4), roughly parallels the optimal balance curve. 

The hazard measure tends to get worse with problem size (Fig. 14.7) 
with its efficacy index dropping relatively constantly from 100 to 
60 percent and having a sample mean of EIh = 84%. 

The demand measure gets worse at a slightly more rapid rate 
than the hazardous part measure — as is expected due to the multicri- 
teria priorities — with its efficacy index dropping from 100 to 45 percent 
(with a low of 42 percent) and having a sample mean of EId = 78% 
(Fig. 14.8). 

Finally, the part removal direction measure (Fig. 14.9) gets worse at a 
more rapid rate than the demand measure, again attributed to the multi- 
criteria priorities, with its efficacy index dropping as low as_ 17 percent 
(at data set 15 where n = 64) and having a sample mean of EIr = 49%. 

Runtime increases very slowly with instance size. Based on the 
results of Fig. 14.10, a linear model is used to fit the curve with the 
linear regression equation calculated to be T(n) = 0.0327n + 1.5448 
(Fig. 14.11) with a coefficient of determination of 0.9917 indicating 
99.17 percent of the total variation explained by the calculated linear 
regression curve. 

With a growth of 0.0327n + 1.5448, we then list the average-case 
time complexity of DLBP GA on the DLBP A Priori data sets as 0(n) 
or linear complexity (Rosen, 1999). This is in agreement with the calcu- 
lations from Sec. 14.2. 
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Figure 14.9 GA part removal direction measure. 
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Figure 14.10 GA time complexity compared to second order. 
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Figure 14.11 GA time complexity and first-order polynomial regression line. 
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Figure 14.12 GA time complexity compared to exhaustive search. 



Although larger instances can be expected to take longer to solve 
with DLBP GA, it is a very shallow, linear increase with significantly 
slower growth than the exhaustive search algorithm (Fig. 14.12). 

DLBP GA maintained the normalized measure of balance within 
6 percent of optimum on average. Since hazardous-part removal 
(Fig. 14.7), early removal of high-demand parts (Fig. 14.8), and min- 
imizing part removal directions (Fig. 14.9) are all subordinate to balance 
and to the precedence constraints (and to each other respectively), the 
performance of each of these is seen to degrade at rates propor- 
tionate to their priority. 

Although the preceding results are suboptimal, this is more a 
reflection of the especially designed DLBP A Priori data set than the 
GA search technique. Suboptimal solutions are not an atypical result 
when this data set is evaluated. The data has been designed to pose 
challenges — even at relatively small n values — to a variety of combi- 
natoric solution-generating techniques. 

Runtime performance can be improved by reducing the number of 
generations or reducing the population, while the opposite is true for 
improving other measures of performance; that is, increase the number 
of generations or increase the population to improve efficacy indices. 
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14.7 Conclusions 

Although a near-optimum combinatorial optimization technique, the 
DLBP version of the GA metaheuristic quickly finds optimally bal- 
anced solutions, or solutions on average within single-digit percent- 
ages of optimal, in a variety of exponentially large search spaces, with 
the level of optimality increasing with the number of constraints. It is 
able to generate a feasible sequence with an optimal or near-optimal 
measure of balance while maintaining or improving the hazardous- 
materials, part-demand, and part-removal-direction measures and 
does so only at a linear growth cost in time complexity. DLBP GA can 
easily be structured for distributed computing for order-of -magnitude 
increases in processing speed. 



CHAPTER 



Ant Colony 
Optimization 



15.1 Introduction 

In this chapter the DISASSEMBLY LINE BALANCING PROBLEM 
(DLBP) is solved using an ant colony optimization (ACO) meta- 
heuristic (also see Sec. 10.5). The version of ACO used here is an 
ant-cycle model, ant-system algorithm (Dorigo et al., 1999) enhanced 
for the DLBP. As is the case with the DLBP Genetic Algorithm 
technique (DLBP GA), the DLBP ACO method seeks to preserve 
precedence relationships within the product being disassembled and 
is further modified for multiple objectives, working to minimize the 
number of workstations and balance the part removal sequence while 
attempting to remove hazardous and high-demand product com- 
ponents as early as possible and remove parts with similar part 
removal directions together. 

ACO is the second of the two stochastic methods studied in 
Part II and is also the second of the two methodologies classified here 
as metaheuristics. This chapter introduces the ant colony optimiza- 
tion metaheuristic and the DLBP variant. Section 15.2 provides 
background on the ACO model. Section 15.3 introduces qualitative 
enhancements made to the ACO for application to DLBP as well as 
the theoretical time complexity calculations. Section 15.4 describes 
the quantitative assignments made to the variables that guide the 
metaheuristic, while Sec. 15.5 reviews the ACO search results when 
run using the instances from Chap. 10. Finally Sec. 15.6 summarizes 
the efforts of this chapter. 



15.2 Model Description 

ACO agents work cooperatively toward an optimal problem solu- 
tion. Multiple agents are placed at multiple starting nodes. Each of 
the m ants is allowed to visit all remaining (unvisited) edges as 
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indicated by a tabu-type list. Each ant's possible subsequent steps; 
that is, from a node p to node q giving edge [p, q] (vertices and 
arcs in the DLBP), are evaluated for desirability and each is 
assigned a proportionate probability as shown (modified for the 
DLBP) in Eq. (15.1). Based on these probabilities, the next step in 
the tour is randomly selected for each ant. After completing an 
entire tour, all feasible ants are given the equivalent of additional 
pheromone (in proportion to tour desirability), which is added to 
each step it has taken on its tour. All paths are then decreased in 
their pheromone strength according to a measure of evaporation 
(equal to 1 - p). This process is repeated for NC max or until stagna- 
tion behavior is demonstrated. The ant system /ant-cycle model 
has been claimed to run in 0(NC • n 3 ) (Dorigo et ah, 1996). Since 
the number of cycles is considered to remain constant with 
instance size, the worst-case time complexity is then properly 
listed as 0(n 3 ). A time complexity analysis is made for the DLBP 
version of ACO in the next section. 



15.3 DLBP-Specific Qualitative Modifications and the 
Metaheuristic 

DLBP ACO is a modified ant-cycle algorithm (McGovern and Gupta, 
2006a). It is designed around the DLBP by accounting for feasibility 
constraints and addressing multiple objectives. In DLBP ACO, each 
part is described by a vertex on the tour with the number of ants 
being set equal to the number of parts and having one ant uniquely 
on each part as the starting position. Each ant is allowed to visit all parts 
not already in the solution. (In the sequence example from Sec. 7.3 — the 
eight-tuple (5, 2, 8, 1, 4, 7, 6, 3) — at time f = 3 component p would repre- 
sent component 8 while component q e {1, 4, 7, 6, 3} and possible partial 
solution sequences (5, 2, 8, 1), (5, 2, 8, 4), (5, 2, 8, 7), (5, 2, 8, 6), and 
(5, 2, 8, 3) would be evaluated for feasibility and balance.) Each ant's 
possible subsequent steps are evaluated for feasibility and current 
measure of balance, and then are assigned a proportionate probabil- 
ity as given by Eq. (15.1). Infeasible steps receive a probability of 
zero and so any ants having only infeasible subsequent task 
options are effectively ignored for the remainder of the cycle. The 
best solution found in each cycle is saved if it is better than the 
best found in all the cycles thus far (or if it is the first cycle; this is 
done in order to initialize the best solution measures for later com- 
parison) and the process is repeated for a maximum designated 
number of cycles; it does not terminate for stagnation in order to 
allow for potential better solutions (due to the ACO's stochastic 
edge-selection capabilities). The best solution found is evaluated 
as described in Sec. 12.3. 
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Due to the nature of the DLBP (i.e., whether or not a task should 
be added to a workstation depends on that workstation's idle time 
and precedence constraints), the probability in Eq. (15.1) is not calcu- 
lated once, at the beginning at each tour as is typical with ACO, but is 
calculated dynamically, generating new probabilities at each incre- 
ment of f. The ACO probability calculation formula is modified for 
the DLBP with the probability Pr of ant r taking arc (p, q) at time t 
during cycle NC calculated as 



[r M (NC)r-[y(or 



— v /TVT^Ma ' r T^b tf <7 G allowed,. 

2, [vW'lip/Ol (15.1) 

reallowed r 

ootherwise 



where, for example, the notation "p, q" is used to represent either arc 
(p, q) or edge [p, q]. Also modified for the DLBP, the amount of trail on 
each arc is calculated after each cycle using 

t m (NC+1) = P -t m (NC)+At m (15.2) 
where (unchanged from the general ACO formulation) 

m 

At m =IAt^ (15.3) 

r=l 

and [also unchanged, other than the use of arcs versus edges and the 
recognition that arc (p, q) * (q, p) in the DLBP; this is discussed further 
at the end of this section] 



At; 9 =(l7 arc( ^ )used (15.4) 
otherwise 



As in other DLBP combinatorial optimization methodologies, 
DLBP ACO seeks to preserve precedence while not exceeding CT 
in any workstation. As long as the balance is at least maintained, 
DLBP ACO then seeks improvements in hazard measure, demand 
measure, and direction measure, but never at the expense of prece- 
dence constraints. For DLBP ACO, the visibility r\ is also calcu- 
lated dynamically at each increment of t during each cycle and is 
defined as 



1 M (f) = r (15.5) 
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where F is the balance of ant r at time f (i.e., ant r's balance thus far 
in its incomplete solution sequence generation). The divisor for the 
change in trail is defined for DLBP ACO as 

h = F, hr (15-6) 

where a small final value for ant r's measure of balance at time n (i.e., 
at the end of the tour) provides a large measure of trail added to each 
arc. Though L. and r\ are related in this application, this is not 
unusual for ACO applications in general; for example, in the TRAV- 
ELING SALESPERSON PROBLEM (TSP), L is the tour length while 
tj is the reciprocal of a the distance between cities p and q (Dorigo et 
af., 1996). However, this method of selecting r/ p (effectively a short- 
term greedy choice) may not always translate into the best long-term 
(i.e., final tour) solution for a complex problem like the DLBP. Also 
note that, although this is a multicriteria problem, only a single crite- 
rion (the measure of balance F) is being used in the basic ACO calcu- 
lations and trail selection. The other objectives are only considered 
after balance and then only at the completion of each cycle, not as 
part of the probabilistic vertex selection. That is, an ant's tour solution 
is produced based on F, while at the end of each cycle the best overall 
solution is then updated based on F, H, D, and R in that order per the 
routine in Chap. 12. This is done because the balance is considered 
(for the purpose of this demonstration) to be the overriding require- 
ment. (One way to consider other criteria in the n greedy steps taken 
in the selection of a solution would be a weighting scheme in the 
probabilistic step selection.) 

In addition to this new, dynamic nature of the probability calcula- 
tion in Eq. (15.1), three procedural changes to the algorithm in Dorigo 
et al. (1996) are made (Fig. 15.1). First, the time counter is reset to zero 
in each cycle. This has no effect on the metaheuristic's performance 
and is done only for computer software readability. Secondly, "Place 
the m ants on the n nodes" is moved from step 1 to step 2 (and "nodes" 
is changed to "vertex" in recognition of the DLBP's formulation as a 
digraph). This is done so that the resetting of each ant to each vertex 
is repeated in each cycle, prohibiting the potential accumulation of 
ants on a single (or few) ending vertex (vertices) resulting in the sub- 
sequent restarting of all (or many) of the ants from that one (or few) 
vertex (vertices) in successive cycles; resetting the ants ensures solu- 
tion diversity. This is also necessary due to the nature of the DLBP 
where the sequence is a critical and unique element of any solution. A 
part with numerous precedence constraints will typically be unable 
to be positioned in the front of the sequence (i.e., removed early) and 
will often be found toward the end. In the DLBP, not resetting each 
ant could potentially result in a situation where, for example, all ants 
choose the same final part due to precedence constraints; when each 
ant attempts to initiate a subsequent search (i.e., the next cycle) from 
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Procedure DLBP_ACO { 

1. Initialize: 

SET NC := { NC is the cycle counter } 

FOR every arc (/>, q) SET an initial Zp -(; (NC) :=c for trail intensity and T p , g := 

2. Format problem space: 

SET / := { t is the time counter } 

Place the m ants on the n vertices 
SET s := 1 { s is the tabu list index } 

FOR r := 1 to m DO 

Place the starting part of the rth ant in tabu r (?) 

3. Repeat until tabu lists are full ) this step will be repeated (n - 1) times } 

SET s := s + 1 
SET t:=t+l 
FOR r := 1 to m DO 

Choose the part q to move to, with probability pr' p q (t) as given by Eq. (15.1) 

{ at time t the rth ant is on part p = tabu, ( v - 1) ) 
Move the rth ant to the part q 
Insert part q in tabu f (.s) 

4. FOR r := 1 to m DO 

Move the rth ant from tabu r («) to tabu r (l) 

Compute F, H, D, and R for the sequence described by the rth ant 

SAVE the best solution found per procedure BETTER_SOLUTION 

FOR every arc (p, q) 

FOR r := 1 to m DO 

Mc(p,q) used 
otherwise 

5. FOR every arc (p, q) compute r,, -9 (NC+ 1) according tor p-(; (NC+ 1) := p ■ r p- ,(NC) + Az;, -(; 

SETNC:=NC+ 1 

FOR every arc (p, q) SET t,T M := 

6. D7(NC<NC m „) 

THEN 

Empty all tabu lists 
GOTO STEP 2 

ELSE 

PRINT best_solution 
STOP 

; 



Figure 15.1 DLBP ACO procedure. 




that last vertex, all fail due to the inf easibility of attempting to remove 
a final part first, effectively terminating the search in just one cycle. 
Finally, step 6 normally could also terminate for stagnation behavior 
but (as further discussed in the next section) this is not desired for the 
DLBP and has been deleted. 
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It can be inferred from Dorigo et al. (1996) that p, q is equivalent 
to q, p. Although this is acceptable and desirable in a TSP-type prob- 
lem, in the DLBP, sequence is an essential element of an n-tuple and 
of a DLBP solution (due to precedence constraints and size constraints 
at each workstation). For this reason, in DLBP ACO, edges p, q and q, 
p are directed (i.e., arcs) and therefore distinct and unique and as 
such, when trail is added to one, it is not added to the other. 

If the number of cycles is considered to remain constant with 
instance size, one of the factors affecting the time complexity is the 
number of ants m. In the best case, ACO would make use of the min- 
imum number of ants (i.e., one). In this situation the lone ant agent 
would initially (only in the DLBP or a similar BIN-PACKING-type 
process) be required to calculate the probabilities concerning the n - 1 
vertices available to add to the tour. Once it did this, it would then 
review the n - 1 options and randomly select one based on the proba- 
bilistic weights. These events would take in proportion to 2(n - 1) 
time. The process is then repeated at the newly selected second ver- 
tex, but this time for n-2 vertices, taking in proportion to 2(n - 2) 
time. This continues until the next to the last remaining vertex, which 
would take time in proportion to 2(2) (the vertex not selected becomes 
the last vertex by default). The resulting sequence of (n - 2) loops can 
be formulated as a runtime T(n) and reduced as follows 



T(n) oc 2(n - 1) + 2{n - 2) + - + 2(2) 



T(n) oc 2[(n - 1) + (n - 2) + - + 2] 



T(n) o= 2{(n - 1) + (n - 2) + - + [n - (n - 2)]} 



T(n) oc 2{n(n 



2)-[l+2 + - + (n-2)]} 



n-2 



T(n) 



oc 



2n(n - 2) - £ p 



T(n) oc 2n(n 



2)- 



2(n-2)[(w-2)+l] 
2 



T(ri) oc 2n(n 



2)-(n-2)[(n-2) + l] 



T(n) o= (2n 2 - An) - [(n 2 - An + 4) + (n - 2)] 



T(n) oc n 2 - n - 2 



This gives a best-case time complexity of Q(n 2 - n - 2), which is prop- 
erly written as Q(n 2 ). As can be seen in this discussion, the added 
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requirements posed by the DLBP's structure, while doubling the time 
required, do not increase the order of the search. Again it must be 
emphasized that this is a best case for the DLBP when using one ant; 
one ant is not used here nor is it recommended by Dorigo et al. (1996). 

The theoretical worst case (and by its usage, expected to reflect 
the experimentally derived average case) would make use of the rec- 
ommended number of ants m = n as is done in this book. Keeping the 
number of cycles constant with instance size, the resulting runtime is 
formulated as 

T(n) oc m(n 2 - n-2) 

and when m = n this reduces to 

T(n) oc n 3 - n 2 - 2n 

giving a resulting worst-case time complexity calculated to be 0(n 3 ), 
which is in agreement with Dorigo et al. (1996). No tight bound (big- 
theta) exists. 



15.4 Quantitative Assignments 

In DLBP ACO the maximum number of cycles is set at 300 (i.e., NC = 

J v max 

300) since larger problems than those demonstrated in this book 
have been shown to reach their best solution by that count (Dorigo 
et al., 1996) and as a result of previous experimentation (Gupta and 
McGovern, 2004). The process is not run until no new improvements 
are seen but, as is the norm with many combinatorial optimization 
techniques, is run continuously on subsequent solutions until NC max 
is reached. This also enables the probabilistic component of ACO an 
opportunity to leave potential local minima. Repeating the DLBP 
ACO method in this way provides improved balance over time. Per 
the best ACO metaheuristic performance experimentally determined 
by Dorigo et al. (1996), the weight of pheromone in path selection a is 
set equal to 1.00, the weight of balance in path selection /3 is set equal 
to 5.00, the evaporation rate 1 - pis set to 0.50, and the amount of 
pheromone added if a path is selected Q is set to 100.00. The initial 
amount of pheromone on all of the paths c is set equal to 1.00. 



15.5 Numerical Results 

The DLBP ACO has been run on each of the four experimental 
instances from Chap. 10 with the results analyzed in this section. 

15.5.1 Personal Computer Instance 

The ACO metaheuristic is used to provide a solution to the DLBP 
based on the personal computer (PC) disassembly instance. Having a 
stochastic nature and variable run length (both traits shared with 
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genetic algorithms), ACO is also used with this data set to demon- 
strate changes in its performance over numerous runs. 

Due to its probabilistic component, DLBP ACO is able to find all four 
solutions optimal in F alone on different runs. For the same reason, it is 
seen to occasionally (though rarely) select a suboptimally balanced solu- 
tion. It also does not find the F-optimal solutions with the same fre- 
quency. This can be attributed to Eq. (15.1) and the ACO's requirement to 
evaluate partial solutions before making a solution element selection 
decision. In addition, further research into the solutions generated dur- 
ing each cycle indicate that the process needs significantly less than an 
NC = 300 to stabilize at the ultimate solution. This is attributed to the 

max 

numerous precedence constraints possessed by the product under study. 
Though details are not provided here, it can also be observed that arcs 
not selected are diluted very rapidly. For example, it would not be 
unusual to see the bulk of the arcs, though all had been initialized at 
c = 1, terminating with trail values of 1 x 10" 91 after the 300 cycles. 

The DLBP ACO is then applied to the PC instance in the more 
typical fashion. The search of the PC instance averaged 0.65 seconds 
per run over five runs with the optimal solution (Table 15.1) of four 
workstations and F* = 33, H* = 7, D* = 19,025, and R* = 6 being found 
in each of the five runs. 

The DLBP ACO algorithm is able to generate a feasible disassem- 
bly sequence while attaining the first two objectives (minimize the 
number of workstations and balance the disassembly line, from 
Sec. 8.2). The last three objectives (remove hazardous components early 
in the disassembly sequence, remove high-demand components before 
low-demand components, and remove parts with similar part removal 
directions together) are also demonstrated, while rigid enforcement of 
the precedence constraints prevents earlier removal of these parts. 

15.5.2 The 10-Part Instance 

Over multiple runs DLBP ACO is able to successfully find several 
(again, due to the stochastic nature of ACO) feasible solutions to the 
10-part instance; Table 15.2 depicts a typical solution sequence. This 
solution demonstrates the minimum number of workstations while 
placing the hazardous part (part number 7) and high-demand parts 
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Table 15.1 Typical ACO Solution Using the Personal Computer Instance 
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Table 15.2 Typical ACO Solution Using the 10-Part Instance 



(parts 6, 7, and 9) relatively early in the removal sequence (the excep- 
tion being part 2, primarily due to precedence constraints and part 2 
having a smaller part removal time that is not conducive to the ACO's 
iterative greedy process) but allowing eight direction changes (due to 
precedence constraints, the optimum is R* = 7 while the minimum is 
R, = 5 and worst case is R =8). 

lower upper ' 

DLBP ACO finds feasible solutions to the 10-part instance in 
1.14 seconds when averaged over five runs. Not only is this time slower 
than the DLBP Exhaustive Search (which averaged 0.03 seconds) but it 
also results in only near-optimal solutions (with the optimal solution 
sequence known to give five workstations and F = 211, H* = 4, D* = 9730, 
and _R* = 7). The optimal number of workstations and the optimal bal- 
ance is found on all of the runs, while the hazardous part measure 
averaged H = 4.40 (with a best result of H* = 4 and a worst result of 
H = 5), the high-demand part removal measure averaged D = 10,736.00 
(with a best result of D = 10,090 and a worst result of D = 11,635), and 
the part removal direction measure averaged R = 7.00 (with a best 
result of R = 6 and a worst result of R = 8). 

upper ' 

15.5.3 Cellular Telephone Instance 

DLBP ACO finds feasible solutions to the cellular telephone data set in 
7.38 seconds on average. Due to its probabilistic component, DLBP 
ACO is seen to select a solution optimal to the number of workstations 
and in balance about 80 percent of the time (with the assumption that 
nine workstations and F = 9 is optimal; Gupta et al., 2004). This can 
again be attributed to Eq. (15.1) and ACO's requirement to evaluate 
partial solutions before making a solution element selection decision. 

All of the DLBP ACO solutions in the runs conducted make use of 
nine workstations and have balance measures averaging F = 9.80 
with a low of F = 9 and a high of F = 13. The hazardous part measure 
averaged H = 86.40 (ranging from a best result of H = 82 to a worst 
result of H = 90), the high-demand part removal measure averaged 
D = 921.80 (with a best result of D = 868 and a worst result of D = 952), 
and the part removal direction measure averaged R = 11.60 (with a 
best result of R = 11 and a worst result of R = 12). A typical solution is 
shown in Table 15.3. 
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Table 15.3 Typical ACO Solution Using the Cellular Telephone Instance 
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Table 15.4 Typical ACO Solution Using the A Priori Instance at n = 12 



15.5.4 DLBP A Priori Instances 

The DLBP ACO metaheuristic can be seen above with n = 12 (Table 15.4). 
In the five runs conducted for data collection, DLBP ACO is never able to 
structure the solution having the minimum number of workstations 
(NWS* = 3); each run results in NWS = 4. As a result, the balance 
ranges from F = 234 to F = 252. The hazard measure remains constant 
at H = 2, the demand measure varies between D = 1 and D = 4, and 
the part removal direction measure varies between R = 2 and _R = 6 
(Sec. 11.5.2 contains information relative to the optimal values). 

The DLBP A Priori data set forced the DLBP ACO algorithm to 
obtain a near-optimal number of workstations and other measures. 
This data also allows the metaheuristic to demonstrate hazardous 
material and high-demand part sequencing, as well as part removal 
direction selection. 

On the full range of data (n = {8, 12, 16, . . ., 80}), DLBP ACO regu- 
larly finds solutions with NWS* + 1 workstations (Fig. 15.2). From 
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Figure 15.2 ACO workstation calculation. 
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Figure 15.3 Detailed ACQ balance measure. 



Eq. (12.1), DLBP ACO's efficacy index in number of workstations 
moves from a low of 83 percent to a high of 98 percent. Overall, as 
given by Eq. (12.2), DLBP ACO shows an efficacy index sample mean 
in number of workstations of 95 percent. 

Consistent improvement in the balance measure is seen with 
increases in data set size. Figure 15.3 allows a detailed study of the 
increase in performance with increased instance size, demonstrating 
poor performance with smaller instances steadily improving through 
to the last data set at n = 80. 

The normalized balance efficacy index starts as low as 69 percent 
then increases through to 97 percent (Fig. 15.4) with a sample mean of 
90 percent. While the DLBP ACO starts out poorly (in terms of bal- 
ance), its performance smoothly improves with instance size. It can 
be seen in Fig. 15.4 that the normalized solution gets closer and closer 
to the optimal balance curve as the problem instance grows. 

The hazardous part and the demanded part are both regularly 
suboptimally placed. Hazardous part placement stays relatively con- 
sistent with problem size (though effectively improving as compared 
to the worst case, as illustrated by Fig. 15.5). These results are as 
expected since hazard performance is designed to be deferential to 
balance and effected only when a better hazard measure can be 
attained without adversely affecting balance. The hazard measure's 
efficacy index starts out poorly at 23 percent, but by n = 20 it is able to 
maintain between 68 and 99 percent Overall, the DLBP ACO's haz- 
ard measure has a sample mean of EIh = 74%. 
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Figure 15.4 Normalized ACO balance measure. 




Figure 15.5 ACO hazard measure. 
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Figure 15.6 ACO demand measure. 



The demand measure decreases in performance when compared 
to best case and maintains performance when compared to worst 
case (Fig. 15.6). These results too are as expected since demand per- 
formance is designed to be deferential to balance and hazardous part 
placement and effected only when a better demand measure can be 
attained without adversely affecting balance or hazardous part place- 
ment. The demand measure gets worse at a slightly more rapid rate 
than the hazardous part measure (as is expected due to the multicri- 
teria priorities) with its efficacy index fluctuating between a low at 
n = 76 of 34 percent and n = 16 a^81 percent. The demand measure 
sample mean is calculated to be EId = 51%. 

With part removal direction structured as to be deferential to bal- 
ance, hazard, and demand, it is seen to decrease in performance when 
compared to the best case and when compared to the worst case 
(Fig. 15.7). Again, these results are as expected due the prioritization 
of the multiple objectives. The part removal direction measure's effi- 
cacy index starts at its highest value of 57 percent then drops to between 
and 17 percent by n = 24 with a sample mean of EIr = 13%. 

Runtime increases moderately quickly with instance size. Based 
on Figs. 15.8 and 15.9 and the calculations in Sec. 15.3, a third-order 
polynomial regression model is used to fit the curve, with the regres- 
sion equation calculated to be T(n) = 0.0005w 3 - 0.0043« 2 + 0.3714k + 
2.4412. The degree is also in agreement with the time complexity 
notes in Sec. 15.2 based on previous studies done in this area. 
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Figure 15.7 ACO part removal direction measure. 
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Figure 15.8 ACO time complexity compared to second order. 
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Figure 15.9 ACO time complexity compared to exhaustive search. 



The coefficient of determination is calculated to be 1.0, indicating 
100.00 percent of the total variation is explained by the calculated 
linear regression curve. As seen in Fig. 15.10, this regression gives the 
impression of being an exact match. With a growth of 0.0005« 3 - 
0.0043n 2 + 0.3714k + 2.4412, the average-case time complexity of 
DLBP ACO using the DLBP A Priori data is listed as 0{n 3 ) or polyno- 
mial complexity [defined to be 0(n b ) where b > 1; Rosen, 1999]. These 
experimental results are in agreement with the theoretical time com- 
plexity results given in Sees. 15.2 and 15.3. 

Although it is slower than all of the other nonoptimal solution- 
generating methodologies demonstrated in this book, some of this 
can be attributed to the DLBP modification requiring the probability 
in Eq. (15.1) to be calculated dynamically, generating new probabili- 
ties at each increment of t instead of just once, at the beginning at each 
tour, as is typical with ACO. 

Runtime performance can be improved in ACO by decreasing the 
number of cycles or decreasing the number of ant agents, while all 
other measures of performance can be expected to improve with an 
increase in the number of cycles or an increase in the number of ants. 
As with other search techniques, a larger n or the inclusion of 
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Figure 15.10 ACO time complexity and third-order polynomial regression line. 



precedence constraints will move the DLBP ACO method toward the 
optimal solution. As shown in Figs. 15.9 and 15.10, the time complex- 
ity performance of DLBP ACO provides the trade-off benefit with the 
technique's near-optimal performance, demonstrating the moderate 
increase in time required with problem size that grows markedly 
slower than the exponential growth of exhaustive search. 



15.6 Conclusions 

A fast, near-optimal ant colony optimization approach to the multi- 
objective deterministic DLBP is developed and presented in this 
chapter. The DLBP ACO rapidly provides a feasible solution to the DLBP 
using an ant system /ant-cycle model algorithm based on the ant 
colony optimization metaheuristic and modified to meet multiple 
objectives. The DLBP ACO provides a near-optimal minimum number 
of workstations, with the level of optimality increasing with the 
number of constraints. It generates a feasible sequence with a near- 
optimal measure of balance while maintaining or improving the 
hazardous materials measure, the demand measure, and the part 
removal direction measure. 
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Several observations were able to be made through the in-depth 
study of the process required by the writing and test of the DLBP 
ACO software. The first of these, as discussed in Sec. 15.3, is the ease 
of which the ant colony optimization process is applied to the TRAV- 
ELING SALESPERSON PROBLEM and the challenges posed in 
applying it to different combinatorial optimization problems that are 
not formulated similarly to the TSP This would seem to indicate that 
the process (as appears to be the case with k-opt; see Chap. 18) might 
have been developed specifically as a solution methodology for this 
problem (i.e., TSP) then proposed for use with other problems. Sec- 
ondly, the two unique items in the ant colony optimization meta- 
heuristic are the number of agents and the probabilistic weighting 
and selection of tours. Due to the greedy nature of the search, negat- 
ing these two components (i.e., making use of one ant that always 
make the best deterministic choice for each step in the tour with no 
knowledge of previous tours) relegates the ant colony optimization 
process to a greedy search (Dorigo et al., 1996). That being said, ant 
colony optimization is a methodology that has gained a fairly wide 
following due to Dorigo's creative observation and application of 
successful searches performed in nature. The ACO work of Ding et al. 
(2010) is representative of the efforts of several DLBP research groups 
that have provided significant extensions to the work in this chapter. 

Although a near-optimum technique, the DLBP ACO method 
quickly finds solutions within, on average, 10 percent of the optimal 
normalized balance in the exponentially large search spaces. While 
the DLBP ACO metaheuristic is difficult to fully apply to a multicri- 
teria decision-making problem format and difficult to adapt to a BIN- 
PACKING-related problem, it is easily and effectively implemented 
in the solution of problems with nonlinear objectives as well as being 
suited to combinatoric problems. 



CHAPTER 



Greedy Algorithm 



16.1 Introduction 

In this chapter, the DISASSEMBLY LINE BALANCING PROBLEM 
(DLBP) is solved using a greedy algorithm. The greedy algorithm con- 
sidered here is based on first-fit-decreasing (FFD) rules that are 
enhanced to preserve precedence relationships within the product 
being disassembled. FFD is further modified to a multiobjective greedy 
algorithm that seeks to minimize the number of workstations while 
attempting to remove hazardous and high-demand parts as early as 
possible and remove parts having similar part removal directions 
together. Examples are then used to illustrate the methodology and 
measure its performance. While the process is fast and is able to find 
the near-optimum number of workstations, it has no ability to equalize 
workload between the workstations. Section 10.6 provides some back- 
ground into the greedy algorithm. 

This chapter introduces the FFD greedy algorithm and the DLBP- 
specific variations. Section 16.2 provides background on the greedy 
model, reviews the qualitative enhancements made for application to 
the DLBP, and provides the calculations of the processes' theoretical 
time complexity. Section 16.3 describes the greedy search results 
when run using the instances from Ch. 10 and Sec. 16.4 summarizes 
the chapter. 



16.2 Model Description 

A greedy strategy always makes the choice that looks the best at the 
moment. That is, it makes a locally optimal choice in the hope that 
this choice will lead to a globally optimal solution. The DLBP Greedy 
algorithm (McGovern and Gupta, 2003a, 2003b, 2005a) is built around 
FFD rules. First-fit-decreasing rules require looking at each element in 
a list, from largest to smallest (part removal times in the DLBP) and 
putting that element into the first workstation in which it fits without 
violating precedence constraints. When all of the work elements have 
been assigned to a workstation, the process is complete. The greedy 
FFD algorithm in this chapter has been further modified with priority 
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rules to meet multiple objectives. During the sorting process, the haz- 
ardous parts are prioritized, greedy-ranked large removal time to 
small. The remaining nonhazardous parts are greedy ranked next, 
large removal times to small. In addition, selecting the part with the 
larger demand ahead of those with lesser demands breaks any ties for 
parts with equal part removal times and selecting the part with an 
equivalent part removal direction breaks any ties for parts also hav- 
ing equal part removal directions. This is done to prevent damage to 
these more desirable parts. The DLBP Greedy algorithm is able to 
provide an optimal or near-optimal (minimum) number of work- 
stations. As with the other processes, the more the constraints the more 
likely the optimal solution is found; that is, the level of performance 
will generally improve with the number of precedence constraints. 

The specific details for this implementation are as follows. The 
DLBP Greedy algorithm first sorts the list of parts. The sorting is 
based on part removal times, whether or not the part contains haz- 
ardous materials, the subsequent demand for the removed part, and 
the part removal direction. Hazardous parts are put at the front of the 
list for selection into the solution sequence. The hazardous parts are 
ranked from largest to smallest part removal times. The same is then 
done for the nonhazardous parts. Any ties (i.e., two parts with equal 
hazard typing and equal part removal times) are not randomly bro- 
ken, but rather ordered based on the demand for the part, with the 
higher-demand part being placed earlier on the list. Any of these 
parts also having equal demands is then selected based on their part 
removal direction being the same as the previous part on the list (i.e., 
two parts compared during the sorting that only differ in part removal 
directions are swapped if they are removed in different directions — 
the hope being that subsequent parts and later sorts can better place 
parts having equal part removal directions). 

Once the parts are sorted in this multicriteria manner, the parts 
are placed in workstations in FFD greedy order while preserving 
precedence. Each part in the sorted list is examined from first to last. 
If the part had not previously been put into the solution sequence 
(as described by ISS^ tabu 1 list data structure), the part is put into the 
current workstation if idle time remains to accommodate it and as 
long as putting it into the sequence at that position will not violate 
any of its precedence constraints. ISS ( . is defined as 



1 Although the name recalls tabu search as proposed by Glover (1989, 1990), the ISS t 
tabu list is similar to that used by the ant system (Dorigo et al., 1996) including, for 
example, the absence of any aspiration function. 




(16.1) 
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If no workstation can accommodate it at the given time in the search 
due to precedence constraints, the part is maintained on the sorted 
list (i.e., its ISS, t value remains zero) and the next part (not yet selected) 
on the sorted list is considered. If all parts have been examined for 
insertion into the current workstation on the greedy solution list, a 
new workstation is created and the process is repeated. Figure 16.1 
shows the DLBP Greedy procedure. The two main processes (sort the 
data, then FFD greedy-assign the parts to workstations) are seen in 
step 2 and step 3 of Fig. 16.1. 

The DLBP Greedy heuristic process is run once to generate its 
solution. Since the Greedy process makes use of bubble sort, which 
has a known time complexity of T(n) <= n(n - l)/2 or 0(w 2 ) (Rosen, 
1999), the entire process will be no faster than that. As can be seen in 
studying Fig. 16.1, the best case for the FFD portion of the process 
(step 3) would be an instance and a sorted sequence that never vio- 
lated the partial ordering imposed by the precedence constraints 
and required only one workstation. This would require only one 
run through the sorted data resulting in a best-case time complexity 
of Q(n). When this is combined with the bubble sort algorithm's 



Procedure DLBPJ3REEDY { 

1. SET;:=0 

2. V PRXt | 1 < k < n, generate sorted part sequence PSS based on: 

hk '■= 1 parts (i.e., hazardous), large PRXt to small; then hk := parts, large PRXt to 
small; if more than one part has both the same hazard rating and the same PRXt, 
then sort by demand, large dk to small; if more than one part has the same hazard 
rating, PRTa, and demand rating, then sort by equal part removal direction 

3. V pe PSS | p := PSSfc I <k<n, generate greedy part removal sequence PSG by: 

IF ISSp = = 1 (i.e., part p already included in PSG) v 

PRECEDENCE_FAIL v 

Ij < PRT ; , (i.e., part removal time required exceeds idle time 
available at ST}) 

THEN IF p = = n (i.e., at last part in sequence) 

THEN Increment y (i.e., start new workstation) 

Start again at p := 1 

ELSE Try next p 

ELSE Assign p to STj and set ISS p := 1 

4. Using PSG: 

Calculate F, H, D, and R 

} 



Figure 16.1 DLBP Greedy procedure. 
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known number of comparisons, the two processes then require a 
best-case runtime of 

. n(n-l) 
T(n) <x — ^— — '-+ n 



T(n) oc 
T(n) 
T(n) 



n(n-l)+2n 



n(n+l) 



giving a resulting best-case time complexity calculated to be Q(n 2 ). 

The worst-case sequencing for the FFD portion of the process 
(step 3) would give a reverse ordering of the parts (e.g., the largest 
hazardous part would be required by precedence constraints to be 
the last part removed while the smallest nonhazardous part would be 
the first part required to be removed with a similar lexicographic 
ordering for all parts in-between). Therefore, the first time the greedy 
routine would take time in proportion to n, the next time through n - 1, 
then n-1, and so on until the last remaining sequence element is the 
first element in the sorted list which would take time in proportion to 1. 
The resulting sequence can be formulated as a runtime and reduced 
as follows 

T(n) oc n + (n - 1) + (n - 2) + • • • + 1 
T(n) oc n + (n - 1) + (n - 2) + • • • + [n - (n - 1)] 
T(n) oc n {n) - [1 + 2 + • • • + (n - 1)] 

n-1 

T(n) oc n(n) —^.p 



„, 2 («-l)[(«-l) + l] 
T(n) oc n - ± iii^ — '- — i 

„. , , (n 2 -2n+l + n-l) 
T(n) ocn 2 - ± '- 

T(n) oc n 2 — 

. . , n(n-l) 
T(n) oc n 2 - 
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When this is combined with the bubble sort algorithm's known num- 
ber of comparisons, the two processes then require a worst-case run- 
time of 

. . n(n-T) , n(n-l) 
Tin) <x — 5 '- + n 2 ^-r — - 

T(n) oc n 2 

giving a resulting worst-case time complexity calculated to be 0(n 2 ). 

Note that since the best-case time complexity is Q(n 2 ) and the 
worst-case time complexity is 0{n 2 ), an asymptotic tight bound (big- 
theta) exists as ®{n 2 ). 

While being very fast and generally efficient, the FFD-based 
greedy algorithm is not always able to optimally minimize the num- 
ber of workstations. In addition, there is no capability to equalize the 
station times in the workstations; in fact, the FFD structure lends 
itself to filling the earlier workstations as much as possible, often to 
capacity, while later workstations may end up with progressively 
greater and greater idle times. This results in an extremely poor bal- 
ance measure. 



3 Numerical Results 

The greedy algorithm is run on each of the four experimental instances 
from Ch. 10 with the results analyzed in this section. 

16.3.1 Personal Computer Instance 

The DLBP Greedy algorithm has been applied to the personal com- 
puter (PC) instance. Being a deterministic process, multiple runs have 
been made, but only made to provide time complexity averaging. 
The search of the PC instance always took less than 1/ 100th of a sec- 
ond (listed as 0.00 seconds each run per the original data output) with 
the optimal solution (Table 16.1) of four workstations and F' = 33, 
H* = 7, D* = 19,025, and R" = 6 being found. 
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Table 16.1 Greedy Solution Using the Personal Computer Instance 
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Table 16 2 Greedy Solution Using the 10-Part Instance 



16.3.2 The 10-Part Instance 

The DLBP Greedy algorithm is able to successfully find a feasible 
solution (Table 16.2) having the minimum number of workstations 
while placing the hazardous part (part number 7) and high-demand 
parts (parts 2, 6, 7, and 9) relatively early in the removal sequence (the 
exception being part 2, primarily due to precedence constraints and a 
smaller part removal time). The speed for the C++ implemented pro- 
gram on this problem is again less than 1/ 100th of a second. 

DLBP Greedy finds a feasible solution but not the optimal solu- 
tion (five workstations and F = 211, H'" = 4, D* = 9730, and R' = 7). 
Application of DLBP Greedy results in the optimal number of worksta- 
tions and the optimal hazard measure H* = 4, with a balance of F = 393, 
a demand measure of D = 10,590, and a part removal direction mea- 
sure of R =8. 

upper 

16.3.3 Cellular Telephone Instance 

DLBP Greedy finds feasible solutions to the cellular telephone data, 
again taking less than 1/ 100th of a second. DLBP Greedy requires 
10 workstations [recall that the DLBP Ant Colony Optimization tech- 
nique (DLBP ACO) regularly found 9; the highest found by any of 
these methodologies is 11], a balance measure of F = 199 (again, DLBP 
ACO has the best found — and presumed optimum — balance of F = 9 
while the worst seen is F = 399), a hazard measure of H = 89 [a single 
run of the DLBP Genetic Algorithm (DLBP G A) gave H = 78 while one 
of the DLBP ACO runs found H = 90], a demand measure of D = 973 
(one DLBP ACO run came up with D = 868), and a direction measure 
of R = 12 (the best seen was a DLBP GA run of R = 10). The DLBP 
Greedy solution is shown in Table 16.3. 

The results shown in the table demonstrate how the sorting and 
FFD portions of DLBP Greedy operate. Per its design, this tech- 
nique removes hazardous parts early on, though many of these 
parts have to wait due to precedence constraints. Four parts with 
larger part removal times (15 seconds) are removed very early on 
(although parts 19 and 23 take as long or longer, precedence con- 
straints prevent earlier removal) but at the expense of using entire 
workstations, demonstrating a condition that limits DLBP Greedy's 
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Table 16.3 Greedy Solution Using the Cellular Telephone Instance 
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Table 16.4 Greedy Solution Using the A Priori Instance at n = 12 

effectiveness. The methodology can be seen to perform well in 
terms of part removal direction even though this is the lowest of 
the prioritized objectives. Precedence relationships play a large 
role in determining the allowable solution sequences to this prob- 
lem instance. 

16.3.4 DLBPA Priori Instances 

The DLBP Greedy technique can be seen above with n = 12 (Table 16.4). 
This data set forces the DLBP Greedy algorithm to obtain the 
near-optimal solution of NWS = 4 workstations versus the optimal 
NWS = 3. 

The speed is again less than l/100th of a second. Although not 
one of the multiple optimum extreme points, the single hazardous 
part has been optimally placed in position k = 1 (the first part to be 
removed in the sequence) with the single demanded part sub-optimally 
placed (though still correctly subordinate to the hazardous part) in 
position k = 5. Note that the first task listed in the greedy solution is 
part number 12 (part removal time of 11 seconds), which is the only 
part labeled as hazardous. 

Various performance measures of the DLBP Greedy technique are 
demonstrated in the analysis of the DLBP A Priori benchmark data 
sets of n = {8, 12, 16, . . ., 80}. This difficult data set results in the DLBP 
Greedy algorithm consistently obtaining the near-optimal solution of 
NWS = NWS* + 1 workstations (Fig. 16.2). In terms of the number of 
workstations required by DLBP Greedy, from Eq. (12.1) the heuris- 
tic's efficacy index in number of workstations ranges from a low of 
EL^ = 83% to a high of EL^ = 98%. Overall, as given by Eq. (12.2), 
DLBP ACO_shows an efficacy index sample mean in number of work- 
stations of Elj^g = 95%. 

In general, balance efficacy (with the previously described DLBP 
A Priori data sets) is actually seen to improve with problem size 
(Fig. 16.3) with the balance measure decreasing in a fashion approx- 
imating a step function (or staircase function). Consistent improvement 
in the balance measure is seen, with poor performance when dealing 
with smaller instances steadily improving through to the last data set 
having n = 80. 
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Figure 16.3 Detailed Greedy balance measure. 
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Figure 16.4 Normalized Greedy balance measure. 



The normalized balance efficacy index starts as low as EI F = 59% 
then increases through to EI f = 93% (Fig. 16.4) and has a sample mean 
of EI f = 83%. While DLBP Greedy starts out poorly in its normalized 
balance measure, its performance increasingly improves with instance 
size; the normalized balance solution moves closer and closer to opti- 
mal as the instance size grows. 

The hazardous part is regularly optimally placed, as illustrated 
by Fig. 16.5. This is a direct consequence of the problem-specific 
sorting process that puts the hazardous parts at the front of the 
sorted list. The hazard measure's efficacy index starts out optimally 
at EI H = 100% and remains there for all instances, giving a sample 
mean of EI H = 100%. 

The demand measure remains relatively consistent with instance 
size (Fig. 16.6). Its efficacy index stays between EL, = 70% (at n = 12) 
and EI D =^63% for all of the data, giving a demand measure sample 
mean of ET D = 64%. 

With part removal direction structured as to be deferential to bal- 
ance, hazard, and demand, it was seen to drop to low performance 
levels and remain there for all data set sizes (Fig. 16.7) — a result of the 
prioritization of the multiple objectives. The part removal direction 
measure's efficacy index drops immediately from its highest value of 
EI R = 43% to EI R = 14% where it remains for the remainder of the 
instances, resulting in a sample mean of EL = 16%. 
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Figure 16.5 Greedy hazard measure. 




Figure 16.6 Greedy demand measure. 
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Figure 16.7 Greedy part removal direction measure. 

In terms of the time complexity, except for a lone data point, each 
DLBP Greedy run for all n = {8, 12, 16, . . ., 80} data sets took less than 
1 /100th of a second. While this is recognized as being unusually fast, 
it does not allow for a detailed time complexity analysis due to the 
software's sampling rate. For this reason, the DLBP Greedy heuristic 
is then run to collect additional data, this time on data sets of n = {8, 
12, 16, 760} (note that the only results used from the larger set of 
instances are the runtimes). With the new data range, runtime can be 
seen to increase slowly with instance size, with DLBP Greedy almost 
appearing to run in linear time. Based on the work performed in 
Sec. 16.2 and the worse coefficient of determination being generated 
when using a linear regression model, a second-order polynomial 
regression model is used to fit the curve, with the regression equation 
calculated to be T(n) = 7 x 10" 8 w 2 + 2 x 10" 6 h + 0.00001. The polynomi- 
al's extremely small coefficients are in keeping with the slow time 
complexity growth in instance size. The coefficient of determination 
is calculated to be 0.9571, indicating 95.71 percent of the total varia- 
tion is explained by the calculated linear regression curve. As seen in 
Fig. 16.8, this regression provides an accurate fit. 

With a growth of 7 x 10" 8 ?i 2 + 2 x 10" 6 n + 0.00001, the average-case 
time complexity of DLBP Greedy using the DLBP A Priori data is listed 
as 0(n 2 ) or polynomial complexity. This is in agreement with the calcu- 
lations performed in Sec. 16.2. With n = 80 running in less than 1 /100th 
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of a second and n = 760 taking only 0.04 seconds, DLBP Greedy is by far 
the fastest methodology demonstrated in the Part II study on the data 
sets tested (note, however, that DLBP G A is superior in terms of the rate 
of growth). The main reason for this speed is due to the greedy process 
of only going through the data set once (actually twice due to the 
requirement to sort the data first — this is the slowest part of the opera- 
tion and the reason for Greedy having polynomial complexity instead 
of linear complexity). Many of the other processes demonstrated in this 
book continue to go through the data, refining the solution using local 
search methodologies or over many generations /cycles. 

Runtime performance can be improved by changing to a faster 
sorting algorithm [such as quick sort, which runs on average in 
In log 2 n, though it is still 0{n 2 ) worst case, or merge sort, which runs 
in 0(n log 2 n)\, while other measures of performance cannot easily be 
improved without changing the first-fit-decreasing and greedy nature 
of the algorithm. 



4 Conclusions 

An exceptionally fast, near-optimal approach to the multiobjective 
deterministic DLBP was presented in this chapter. It rapidly provides 
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a feasible solution to the DLBP using a greedy algorithm based on 
FFD rules and modified to meet multiple objectives. The heuristic 
provided excellent solutions very rapidly, an asset for large problems 
(such as automobile disassembly, where over 10,000 parts may be 
involved) or real-time problem solution. Although a near-optimum 
technique, the DLBP Greedy method quickly found solutions in 
exponentially large search spaces with solution performance improv- 
ing with problem size and number of precedence constraints. This 
method appears moderately well suited to the multicriteria decision- 
making problem format as well as for the solution to problems with 
nonlinear objectives. It should also be noted that DLBP Greedy is a 
problem-specific heuristic and may not be expected to lend itself to 
similar success with different problems. 



CHAPTER 



Greedy/Adjacent 
Element Hill-Climbing 

Hybrid 



17.1 Introduction 

In this chapter the DISASSEMBLY LINE BALANCING PROBLEM 
(DLBP) is solved using a hybrid technique. This method sequentially 
finds, and then improves upon, an instance solution using a first-fit- 
decreasing (FFD)-based greedy algorithm followed by the applica- 
tion of a hill-climbing heuristic. The hybrid combination of a greedy 
algorithm and the hill-climbing heuristic is instrumental in rapidly 
obtaining near-optimal solutions to the DLBP's intractably large 
solution space. The greedy algorithm with the hill-climbing heuristic 
technique performs so well and is so rapid that it should lend itself 
to real-time solution of the DLBP on a dynamic disassembly line, 
generating solutions as components arrive for disassembly on 
mixed-model and mixed-product lines. The greedy algorithm is 
detailed in Chap. 16. While that process is exceptionally fast and is 
able to find the near-optimum number of workstations, it has no 
ability to balance the workstations. As a result, a hill-climbing heu- 
ristic has been applied to balance the part removal solution sequence, 
addressing the major weakness of applying an FFD algorithm to a 
line balancing problem. The adjacent element hill-climbing (AEHC) 
heuristic only compares tasks assigned in adjacent workstations. 
This is done both to conserve search time (by not investigating all 
tasks in all workstations) and to only investigate swapping tasks 
that will most likely result in a feasible sequence (since the farther 
apart the positional changes, the less likely that precedence will be 
preserved for both of the tasks exchanged and for all of the tasks 
between them). Examples are considered to illustrate the implemen- 
tation of the hybrid methodology. 
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This chapter introduces the greedy/hill-climbing hybrid heuristic 
and the DLBP-specific variations. Section 17.2 provides background on 
the hill-climbing model, reviews the qualitative features specific to the 
DLBP, and demonstrates the theoretical complexity calculations. 
Section 17.3 describes the results when the greedy /hill-climbing 
hybrid is applied to the instances from Chap. 10 while Sec. 17.4 summa- 
rizes the chapter. An introduction to the adjacent element Ml-climbing 
heuristic is provided in Sec. 10.7. 



17.2 Model Description 

A two-phase approach to the DLBP quickly provides a near-optimal 
and feasible balance sequence using a hill-climbing local search heu- 
ristic, AEHC (McGovern and Gupta, 2003b, 2005a). The adjacent ele- 
ment hill-climbing heuristic takes advantage of knowledge about the 
problem's format and constraints in order to provide a solution that is 
better balanced than DLBP Greedy alone but significantly faster than 
other methodologies (including DLBP Greedy/2-Opt, Chap. 18). Hill 
climbing makes use of an iterative greedy strategy, which is to move 
in the direction of increasing value. AEHC is designed to consider 
swapping each task in every workstation only with each task in the 
next adjacent workstation in search of improved balance. It does this 
while preserving precedence and not exceeding CT in any worksta- 
tion. Only adjacent workstations are compared to enable a rapid 
search and since it is deemed unlikely that parts several workstations 
apart can be swapped and still preserve the precedence of all of the 
tasks in-between. As shown in the Fig. 17.1 example, a part has a lim- 
ited number of other parts it can be considered with for exchange. In 
the 2-opt methodology presented in Chap. 18 and using the Fig. 17.1 
data, part number 6, for example, would be considered for exchange 
by parts 1 through 5, and then would consider exchanges with parts 7 
through 11; that is, any part could be exchanged with any other part. 
In AEHC, part 6 would be considered for exchange only by parts 4 
and 5, and would consider exchanges only with parts 8, 9, and 10. 

The neighborhood definition and search details of AEHC are as 
follows. After a minimum-NWS feasible solution is generated (by, e.g., 
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Figure 17.1 Adjacent element hill-climbing (AEHC) example. 
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the DLBP Greedy algorithm), the AEHC heuristic is applied to 
improve the balance. The AEHC does this by going through each task 
element (part) in each workstation and comparing it to each task ele- 
ment in the next adjacent workstation. If the two task elements can be 
exchanged while preserving precedence, without exceeding either 
workstation's available idle time, and with a resulting improvement in 
the overall balance, the exchange is made and the resulting solution 
sequence is saved as the new solution sequence. This process is repeated 
until task elements of the last workstation have been examined. 

In a single run of AEHC, two additional situations (one best case, 
one worst case) present themselves due to the search's design. 

The fastest of these would consist of either: two workstations 
with one of the workstations containing only one element, or alterna- 
tively n workstations with each containing only one element. The 
least number of comparisons is then defined as 

Exchanges = n - 1 (17.1) 

The slowest of these would consist of two workstations with each 
of the workstations containing exactly n /2 elements. In this situation, 
each of the n/2 elements in workstation one compares itself to each of 
the n/2 elements in workstation two, resulting in the number of com- 
parisons defined as 

Exchanges = |f-|j = ^- (17.2) 

While exhaustive search visits all n\ tours, from Eqs. (17.1) and (17.2) 
the total number of tours visited by an run of DLBP AEHC, including 
the original data set (such as (1, 2, 3, 4)), can then be bound by 

n 2 

n < tours <—+l (17.3) 

The heuristic is given in pseudocode format in Fig. 17.2. 

In the DLBP Greedy/AEHC hybrid heuristic, the DLBP Greedy 
process is run once to generate an initial solution. Hill climbing is 
typically continuously run on subsequent solutions for as long as is 
deemed appropriate or acceptable by the user or until it is no lon- 
ger possible to improve, at which point it is assumed that the local 
optima has been reached (Hopgood, 1993). Repeating the AEHC 
method in this way provides improved balance with each run. Dur- 
ing its development (McGovern and Gupta, 2003b) AEHC was 
tested both ways — run only once after the greedy solution was 
generated, as well as run repeatedly on each subsequent solution 
until the local optima was obtained (a single AEHC iteration has 
several benefits including the observation that AEHC can be seen 
to typically provide its largest single balance performance improve- 
ment in the very first iteration). Additionally, a single run of AEHC 
may be recommended for the real-time solution of a very large 
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Procedure DLBP AEHC { 



1. Initialize: 



j PSG is the greedy solution sequence } 
{ PST is the current solution sequence } 
j TMP is a temporary solution sequence } 
{ BST is the best solution sequence thus far } 
{ START is the position counter } 



SET PST := PSG 
SET TMP := PSG 
SET BST:= PSG 
SET START := 1 



2. V j | 1 <j < NWS - 1 , attempt to generate better balanced AEHC part removal 

sequence PST by performing AEHC part swap (i.e., swap each TMP P in workstation j 
with every TMP 9 in workstation j + 1) 

{ NPW/ is the number of parts in workstation j } 
V pe TMP | p = TMPt, STARTS k < START+ NPW) - 1 



V qe TMP | q = TMP*, START+ NPW) < k < START + NPW) - 

Calculate new ST) and ST)+ 1 

IF [(CT-newST,->0)A 
(CT-new ST ;+ />0)] 

THEN Calculate new F, H, D, and R 



SET START:= START + NPW) 

3. Save results: 

SET PST := BST 
SET TMP := BST 

4. Repeat STEP 2 until no further improvements in F, H, D, or R can be made 
} 

Figure 17.2 DLBP AEHC procedure. 

DLBP on a dynamic mixed-model and mixed-product disassembly 
line, or on a line having a fast pace or a short cycle time. AEHC is 
run repeatedly here. 

The best-case time complexity of the Greedy/AEHC hybrid can be 
no faster than the best-case time complexity of Greedy alone, calcu- 
lated to be Q(n 2 ). The best case for AEHC would take place when no 
improvement can be made over what Greedy has generated. In this 
situation, AEHC would still go through the entire list of greedy-sorted 
items but only once. Here, the two situations described by Eqs. (17.1) 
and (17.2) present themselves. Based on these, AEHC alone can be as 
slow as T(n) °= w 2 /4 and it can never be faster than T(n) <= n - 1. When 
combined with the fastest DLBP Greedy results of 



IF 



{ [BETTER_SOLUTION(TMP, BST)] 



A 



(PRECEDENCE_PASS) ) 



THEN SET BST := TMP 



T(n) 



oc 



n(n-l) 
2 
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this gives us 

. n(n-l) . 
T(n) <x — K — — '- + n- l 

T ,„s n(n+l) 
T(n) oc — l 

which is formally Q(n 2 ). 

The worst-case time complexity of the Greedy/AEHC hybrid is 
at least as slow as the worst-case time complexity of Greedy alone, 
calculated to be 0{n 2 ). A single run of AEHC alone can be as slow as 
T(n) oc n 2 /4. When combined with the worst-case Greedy results of 
T(n) oc n 2 , this gives us T(n) oc n 2 + (n 2 / 4), which is formally 0{n 2 ). Due 
to the iterative nature of AEHC, the worst-case time complexity of the 
heuristic has not been calculated, while the work completed above 
indicate that it can be no better than 0(n 2 ). [Note that in Lawler et al. 
(1985) and using the example of the TRAVELING SALESPERSON 
PROBLEM, Johnson and Papadimitriou provide a theorem by 
Papadimitriou and Steiglitz showing that a local search cannot be 
guaranteed to find a tour whose length is bounded by a constant 
multiple of the optimal tour length even if an exponential number of 
iterations is allowed.] 

With a best-case time complexity of Q(n 2 ) and the worst-case time 
complexity of at least 0{n 2 ), a tight bound for the hybrid may exist at 
0(n 2 ) but this is unlikely [from Eqs. (17.1) and (17.2), the best-case 
time complexity of AEHC alone is Q(n) and its worst-case time com- 
plexity is at least 0(n 2 )]. 



17.3 Numerical Results 

The greedy /hill-climbing hybrid is run on each of the four experimen- 
tal instances from Ch. 10 with the results analyzed in this section. 

17.3.1 Personal Computer Instance 

The DLBP Greedy/AEHC hybrid has been applied to the personal 
computer (PC) instance. As DLBP Greedy alone successfully found 
the optimal solution, the subsequent AEHC heuristic could do no 
better and terminated itself. The hybrid search of the PC instance 
also took less than 1/ 100th of a second with the optimal solution 
(Table 17.1) of four workstations and F = 33, H* = 7,D' = 19,025, and 
R* = 6 being found. 

17.3.2 The 10-Part Instance 

On the 10-part instance, DLBP Greedy generates a feasible solution hav- 
ing the minimum number of workstations while placing the hazardous 
part (part number 7) and high-demand parts (parts 2, 6, 7, and 9) 
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Table 17.1 Greedy/AEHC Hybrid Solution Using the Personal Computer 
Instance 



relatively early in the removal sequence (the exception being part 2, 
primarily due to precedence constraints and a smaller part removal time). 
DLBP AEHC is able to improve the overall balance and the demand mea- 
sure while maintaining the original Greedy-optimized hazard measure 
and observing the precedence constraints (Table 17.2). The speed for the 
hybrid on this instance is again less than l/100th of a second. 

The DLBP Greedy/AEHC hybrid does not find the optimal solu- 
tion (five workstations and F* = 211, H* = 4, D" = 9730, and R* = 7). 
DLBP Greedy is instrumental in calculating the optimal number of 
workstations and hazard measure, while the hill-climbing search 
improves the balance (from Greedy's F = 393 to F = 369) and demand 
(from Greedy's D = 10,590 to D = 9,840) measures and obtains a better 
than optimal direction measure (R = 6 versus R* = 7, though at the 
expense of suboptimal balance and demand measures). 

17.3.3 Cellular Telephone Instance 

DLBP Greedy/AEHC finds feasible solutions to the cellular telephone 
data, taking less than l/100th of a second on average. DLBP Greedy 
generates a solution of 10 workstations and AEHC is unable to 
improve on any of the other measures, ending with a balance measure 
of F = 199 [DLBP Ant Colony Optimization technique (DLBP ACO) has 
the best found and believed to be optimum balance of F = 9], a hazard 
measure of H = 89 [DLBP Genetic Algorithm (DLBP GA) gave the 
low of H = 78 while ACO had the high of H = 90], a demand measure 
of D = 973 (one ACO run came up with a low of D = 868), and a direc- 
tion measure of R = 12 (the best seen was a GA run giving R = 10). The 
DLBP Greedy/AEHC solution is shown in Table 17.3. 
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Table 17.2 Greedy/AEHC Hybrid Solution Using the 10-Part Instance 
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Per its design, DLBP Greedy removes hazardous parts early on, 
though many of these parts have to wait due to precedence constraints. 
Four parts with larger part removal times (15 seconds) are removed 
very early on (although parts 19 and 23 take as long or longer, prece- 
dence constraints prevent earlier removal) but at the expense of using 
an entire workstation, demonstrating a condition that limits DLBP 
Greedy/AEHC's effectiveness since the greedy portion works to take 
out large (part removal time) items early (and therefore, potentially 
adjacent to each other in the sequence) and AEHC is not allowed to 
look out far enough to add smaller time items into the sequence to bet- 
ter fill those workstations. 

17.3.4 DLBP A Priori Problem Instances 

The DLBP Greedy / AEHC hybrid technique can be seen below with 
n = 12 (Table 17.4). While the DLBP Greedy algorithm obtains the 
near-optimal solution of NWS = 4 workstations (a measure AEHC is 
not capable of improving on due to its design,) versus the optimal 
NWS = 3, this data allows AEHC to obtain a better-balanced solution 
nearby and demonstrate hazardous material and high-demand item 
sequencing. The time to complete the search is less than 1 / 100th of a 
second. The single hazardous part is optimally maintained by AEHC 
in position k = 1. The single demanded part still remains (subopti- 
mally) in position k = 5. This is an artifact of the AEHC criteria; the 
concept of only considering parts in adjacent workstations in the 
interest of saving time means that swapping parts within a worksta- 
tion is not considered. As a result, the obvious swap of parts 9 and 
10 — which would improve both the demand and the direction mea- 
sures — is not considered by this hill-climbing search. Though the 
hazard measure was already optimal at H* = 1 and the demand mea- 
sure remained at D = 5, by swapping parts 4 and 8 and parts 1 and 7 
from their sequence positions in the first-phase Greedy solution, 
AEHC improves the balance from F = 532 to F = 380 and the direc- 
tion measure from R = 7 to R = 5. This provides an illustration of the 
intuitive search strategy of AEHC, with a small number of simple 
part swaps quickly giving large gains in performance. 
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Table 17.4 Greedy/AEHC Hybrid Solution Using the A Priori Instance 
at n = 12 



Greedy/Adjacent Element Hill-Climbing Hybrid 



Various performance measures of the DLBP Greedy/AEHC 
hybrid are then demonstrated with the analysis of the DLBP A Priori 
benchmark data sets of n = {8, 12, 16, 80}. Since AEHC is not 
designed to minimize the number of workstations, the results deter- 
mined by DLBP Greedy alone remain unchanged and are not repeated 
here (see Fig. 16.2 for graphical results and Sec. 16.3.4 for the quanti- 
tative analysis). 

As with Greedy, balance efficacy is seen to improve with problem 
size (Fig. 17.3) though with the balance measure decreasing much 
more smoothly than the approximate step function seen with Greedy 
(note that these two graphs are not of the same scale, with the Greedy 
chart in Fig. 16.3 having a y-axis 50 percent taller than that of the 
AEHC chart in Fig. 17.3). Again, as with Greedy, poor performance is 
seen when dealing with smaller instances, thought the balance 
steadily improves through to the last data set of n = 80. 

Providing improvements in balance is the main goal of the AEHC 
design and, as seen in this section, its improvements are significant 
with minor increases in time. The normalized balance efficacy index is 
improved from a Greedy low EI f = 59% to an AEHC low of EI f = 70%, 
from a Greedy high of EI f = 93%to an AEHC high of EI f = 95%, and 
from a Greedy sample mean of EI F = 83% to an AEHC sample mean 
of EI r = 87% (Fig. 17.4). 
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Figure 17.3 Detailed Greedy/AEHC hybrid balance measure. 
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Figure 17.4 Normalized Greedy/AEHC hybrid balance measure. 



The hazardous part is regularly optimally placed by Greedy (due 
to the sorting process that puts the hazardous parts at the front of the 
sorted list) and this position is maintained by AEHC, as illustrated 
by Fig. 17.5. The hazard measure's efficacy index starts out optimally 
at EL = 100% and remains there for all instances, giving a sample 
mean of EI H = 100%. 

The demand measure grows relatively consistent with instance 
size (Fig. 17.6). Its efficacy index starts at EI D = 100% and then drops 
immediately to EI D = 70% where it continues a very slow decline to 
EI D = 63% (with a low of_EI D = 53% at n = 36). The resulting demand 
measure sample mean is EL, = 65%. 

AEHC is able to provide a significant improvement over Greedy 
alone when considering part removal direction (Fig. 17.7). While 
Greedy's part removal direction measure's efficacy index drops imme- 
diately from its highest value of EL = 43% to EL = 14% where it remains 
for the remainder of the instances giving a sample mean of EI = 16%, 
AEHC starts at EI R = 71% and never drops lower than Greedy's high of 
EL = 43%, resulting in a sample mean of EI R = 48%. 

Though AEHC is seen to fill one of its design goals of continuing 
the small time complexity of Greedy, this results in similar problems 
to those as seen in Sec. 16.3.4 where the times collected do not allow 
for analysis. For AEHC, even though the times collected included the 
time required by Greedy, the data points with values greater than 
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Figure 17.5 Greedy/AEHC hybrid hazard measure. 




Figure 17.6 Greedy/AEHC hybrid demand measure. 



Disassembly-Line Balancing 



9 
8 



Si 

U) 

a) 5 



c 

| 4 
o 

0) 




Optimal 

Greedy/AEHC 

Worst Case 



8 12 16 20 24 28 32 36 40 44 48 52 56 60 64 68 72 76 80 

n 



Figure 17.7 Greedy/AEHC hybrid part removal direction measure. 



zero were few and those that were captured lacked the resolution 
required to allow for a true representation of the time complexity 
curve. For this reason, the Greedy/AEHC hybrid was run to collect 
additional data using the same data sets as in Sec. 16.3.4 of n = |8, 12, 
16, 760}. (Again, the only results used from the larger set of 
instances are the runtimes.) 

Using this larger data set, runtime is only slightly more than that 
seen with Greedy alone. Since DLBP Greedy has been shown to have 
an average-case time complexity of 0(n 2 ), a second-degree polyno- 
mial regression model is used to fit the AEHC curve. The regression 
equation is calculated to be T(n) = 3 x 10~ 7 n 2 - 1 x 10" 5 n + 0.0094 (only 
slightly slower than the T(n) = 7 x 10" 8 n 2 + 2 x 10" 6 n + 0.00001 regres- 
sion model of Greedy alone). The polynomial's extremely small coef- 
ficients are indicative of the slow runtime growth in instance size. 
The coefficient of determination is calculated to be 0.9909, indicating 
a very high 99.09 percent of the total variation is explained by the 
calculated linear regression curve. As seen in Fig. 17.8, this regression 
provides an accurate fit. 

With a growth of 3 x 10~ 7 n 2 - 1 x 10~ 5 n + 0.0094, the average-case 
time complexity of DLBP Greedy/AEHC using DLBP A Priori data 
is listed as 0(n 2 ) or polynomial complexity. This is very much in 
agreement with the partial time complexity calculations performed 
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Figure 17.8 Greedy/AEHC hybrid time complexity and second-order 
polynomial regression line. 

in Sec. 17.2; however, it should be noted that the worst-case time 
complexity is not known, though based on these experimental results 
and the earlier complexity calculations, it can be no less than 0(« 2 ). 

With yi — 80 running, on average, in 0.01 seconds and n = 760 
taking, on average, only 0.16 seconds (just 0.12 seconds longer 
than Greedy alone at 0.04 seconds), AEHC appears to fulfill its 
design intent of improving upon a Greedy solution while not sig- 
nificantly impacting Greedy's speed advantage. The Greedy/ 
AEHC hybrid is shown with a second-order curve in Fig. 17.9 to 
demonstrate just how close to linear this algorithm's growth is. 
Also, even though GA is linear in its time complexity, its growth 
is much more dependent on the number of generations and the 
size of the population chosen (hence the linear growth seen, since 
these variables were maintained constant in that study). Even 
with GA's linear time complexity growth in n, Greedy and the 
Greedy/AEHC hybrid are still significantly faster than DLBP GA, 
which takes 4.08 seconds on average to solve the DLBP A Priori 
instances at n = 80. 

As with Greedy, runtime performance can be improved by chang- 
ing to a faster sorting algorithm for the first phase, while other mea- 
sures of performance cannot easily be improved without changing 
the original design of the heuristic. 
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Figure 17.9 Greedy/AEHC hybrid time complexity compared to second order. 



17.4 Conclusions 

A very fast, two-phase hybrid approach to the DLBP is detailed in 
this chapter. This method combines the FFD greedy algorithm with a 
problem-specific hill-climbing heuristic to generate a near-optimal 
and feasible balance sequence almost as quickly as the Greedy method 
alone. AEHC only completes a pair-wise workstation comparison to 
allow for rapid search and since it is deemed unlikely that tasks several 
workstations out can be swapped and still preserve the precedence of 
all the tasks in-between. The Greedy/AEHC hybrid provides excellent 
solutions exceptionally rapidly an asset not only for large problems 
but especially for real-time problem solution. A near-optimum tech- 
nique, the DLBP Greedy/AEHC method is still able to quickly find 
solutions in exponentially large search spaces with solution perfor- 
mance improving with problem size and number of precedence con- 
straints. As with Greedy alone, this specialized hybrid method appears 
moderately well suited to the multicriteria decision-making problem 
format. It is also very applicable to problems with nonlinear objec- 
tives, as well as for integer problems. 



CHAPTER 



Greedy/2-0pt Hybrid 



18.1 Introduction 

In this chapter, the DISASSEMBLY LINE BALANCING PROBLEM 
(DLBP) is solved using a second hybrid approach. This two-phase 
process is a combination of a first-fit-decreasing (FFD) greedy algo- 
rithm followed by application of a 2-optimal (2-opt) algorithm. The 
hybrid combination of the greedy algorithm and the 2-opt heuristic is 
instrumental in quickly obtaining near-optimal solutions to the DLBP. 
The greedy algorithm is based on first-fit-decreasing rules enhanced 
to preserve the precedence relationships within the product being 
disassembled. A 2-opt algorithm is then used to balance the part 
removal sequence and address other objectives per Sec. 12.3. The four 
experimental instances are then applied in order to demonstrate 
implementation of the two-phase hybrid and to generate perfor- 
mance measures. 

The 2-opt algorithm, as is the case with all A:-optimal neighbor- 
hood searches, is iterative in nature. The algorithm is reapplied to 
each new solution n-tuple generated in search of neighborhood 
improvements. 2-opt has had a great deal of success with TRAVEL- 
ING SALESPERSON PROBLEM (TSP)-type problems (which a study 
of the algorithm's functionality would seem to indicate it was 
designed to solve), but — as a result — requires some degree of modifi- 
cation to allow a successful application to the DLBP. Also, the meth- 
odology considers many more part swaps than the adjacent element 
hill climbing (AEHC) heuristic, enabling a potential reduction in the 
number of workstations as well as better overall solutions, though at 
a time complexity cost. 

This chapter introduces the greedy/2-opt hybrid heuristic and the 
DLBP-specific variations. Section 18.2 provides background on the 
2-opt model and reviews the modifications required to enable appli- 
cation to a BIN-PACKING type of problem as well as enhancements 
specific to the DLBP. This section also provides the time complexity 
calculations for the hybrid. Section 18.3 describes the results when 
the DLBP Greedy/2-Opt hybrid is applied to the instances from Chap. 
10, while Sec. 18.4 summarizes the chapter. 
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18.2 Model Description 

A second phase for DLBP Greedy is implemented to compensate for 
that algorithm's inability to balance the workstation assignments. 
This second phase quickly provides a near-optimal and feasible bal- 
ance sequence using a tour improvement procedure (McGovern and 
Gupta, 2003a, 2005a). The best-known tour improvement procedures 
are the edge exchange procedures. In an A>opt algorithm (see Sec. 10.8), 
all exchanges of k edges are tested until there is no feasible exchange 
that improves the current solution; this solution is said to be A:-optimal, 
with k = 2 and k = 3 being the most commonly used due to the num- 
ber of exchange operations increasing rapidly with increases in k. In 
addition, a greedy solution is generally considered the best starting 
point for fc-opt (Lawler et al., 1985), though random solutions are 
commonly implemented as well (see the discussion next). The k-opt 
search is especially well suited to a TSP-type problem since it seeks to 
effectively "untwist" a given search route, resulting in a shorter overall 
tour; the intuitive design of 2-opt can be seen in Fig. 18.1. In this figure 
(with the four nodes arranged in a square, each node's two closest 
nodes having unity spacing, and all edges being Euclidean), we know 
from geometry that the Hamiltonian circuit (1, 3, 2, 4, 1) will have a 
total distance of 1 .41 + 1 + 1 .41 + 1 = 4.82, while after being "untwisted" 
by 2-opt, the Hamiltonian circuit (1, 2, 3, 4, 1) has a much shorter total 
distance of 1 + 1 + 1 + 1= 4.00. In the TSP, the latter tour provides the 
lowest cost. This chapter applies a modified 2-opt local search algo- 
rithm to the DLBP since the problem format does not fully lend itself 
to mimicking the TSP. 

In a 2-opt algorithm, two tours are neighbors if one can be 
obtained from other by deleting two edges, reversing one of the 
resulting two paths, and reconnecting. In the DLBP, the 2-opt neighbors 
of the tour are pair-wise part exchanges within the current solution 
sequence. For this version of 2-opt, nodes (more accurately, vertices 
since the DLBP is described by a directed graph) are exchanged 
instead of edges (arcs for the DLBP). Not only is this a more logical 
application of this technique for the DLBP, it is also more practical 




Figure 18.1 A 2-opt example. 
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since a true 2-opt will reverse large sections of the solution sequence, 
which is not conducive to precedence preservation. In addition, this 
method has been used in the past by other authors (Merkle and Mid- 
dendorf, 2000). 

The exchange mechanism used by the DLBP is demonstrated in 
Fig. 18.2 using part 6 as an example. As can be seen in the figure, part 6 
can be exchanged with any other part; for example, parts 1 through 5 
consider swapping themselves with part 6, then part 6 considers 
swapping itself with parts 7 through 11. 

In DLBP 2-Opt with n = 4 and an original solution sequence four- 
tuple of (1, 2, 3, 4), the six resulting pair-wise exchanges are (2, 1, 3, 4), 
(3, 2, 1, 4), (4, 2, 3, 1), (1, 3, 2, 4), (1, 4, 3, 2), and (1, 2, 4, 3). DLBP 2-Opt 
then makes comparisons defined as 

»-i 

Exchanges = ^(n- p) (18.1) 

P =i 

Exhaustive search visits all n\ tours, while the total number of tours 
visited by an iteration of DLBP 2-Opt, including the original data set 
(such as (1, 2, 3, 4)), can be calculated by the following formula 

n-1 

Tours = 1 + X(«-p) (18.2) 

Typically, a random starting tour is generated for the initial 
application of a 2-opt algorithm. In this chapter, the starting point is 
rapidly attained by the previously discussed DLBP Greedy algo- 
rithm, which provides a minimum-NWS feasible solution. This near- 
optimal starting point requires DLBP 2-Opt only to improve the 
remaining measures. DLBP 2-Opt tries switching the positions of 
any two parts in the current solution sequence in order to get the 
best tour in this neighborhood. It then repeats this process using this 
new tour (the best previous solution sequence) until no better solu- 
tion (as described in Sec. 12.3) can be found. DLBP 2-Opt is designed 
to swap every task with each task in every subsequent workstation 
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in search of improved balance. It does this while preserving prece- 
dence and not exceeding CT in any workstation. In addition, each 
DLBP 2-Opt neighbor under consideration recalculates the mini- 
mum number of workstations required for a given problem set, 
enabling the determination of more efficient part removal sequences 
that may exist in the 2-Opt neighborhood that did not exist in the 
DLBP Greedy solution. As long as the balance is at least maintained, 
DLBP 2-Opt then seeks improvements in hazard measure, demand 
measure, and part removal direction measure, but never at the 
expense of precedence constraints. The heuristic is given in pseudo- 
code format in Fig. 18.3. 

As is the norm with greedy algorithms, the DLBP Greedy process 
is run once to determine a solution. 2-Opt, however — like many com- 
binatorial optimization techniques — is continuously run on subse- 
quent solutions for as long as is deemed appropriate or acceptable by 
the user or until it is no longer possible to improve (which is the pro- 
cess used here), at which point it is assumed that the (local) optima 
has been reached. Repeating the DLBP 2-Opt method in this way pro- 
vides improved performance over time. 

The best-case time complexity of the Greedy / 2-Opt hybrid can be 
no faster than the best-case time complexity of Greedy alone, calcu- 
lated to be Q(n 2 ). The best case for 2-Opt would take place when no 
improvement can be made over what Greedy has generated. In this 



Procedure DLBP_2-OPT { 

1. Initialize: { PSG is the greedy solution sequence j 

SET PST := PSG { PST is the current solution sequence } 

SET TMP := PSG { TMP is a temporary solution sequence } 

SET BST := PSG { BST is the best solution sequence thus far ] 



2. V pe PST | p = PST,t, 1 <k<n, attempt to generate better balanced 2-Opt part 
removal sequence PST by: 

V qs TMP \p + I <q< n, perform 2-Opt part swap (i.e., swap TMP p with every 
TMP,) 

Calculate new F, H, D, and R 



IF { [BETTER_SOLUTION(TMP, BST)] 

A 

(PRECEDENCE_PASS) ) 
THEN SET BST:= TMP 



3. Save results: 

SET PST := BST 
SET TMP := BST 



4. Repeat STEP 2 until no more improvements in F, H, D, or R can be made 
} 



Figure 18.3 DLBP 2-Opt procedure. 
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situation, 2-Opt would still go through the entire list of greedy-sorted 
items, though only once. Equation (18.1) can be reformulated as 

n-1 

Exchanges = n(n - 1) - 
This can be written to reference the time complexity as 

n-1 

T(n) oc n(n - 1) - 

p=i 



m/ \ , -v (n-l)[(n-l)+l] 
T(n) oc n(n - 1) - — 



T(n) <>= n(n - 1) 
T(n)< 
T(n) 



2 

n(n - 1) 
2 

2n(n-l) _ n(n-T) 
2 2 

2n{n-l)-n{n-l) 



T(n) 



2 

n(n-l) 



When this is combined with Greedy's known number of comparisons 
[i.e., T(n) °= n(n + l)/2] from Sec. 16.2, this gives 



. n(n + l) n(n-l) 
T(n) oc - + 



T(n) 



T(n) ■ 



2 

2w 2 



T(n) «= n 2 

resulting in a best-case time complexity calculated to be the asymp- 
totic lower bound of Q(n 2 ). 

The worst-case time complexity of the Greedy/2-Opt hybrid is 
at least as slow as the worst-case time complexity of Greedy alone, 
calculated to be 0(n 2 ). A single iteration of 2-Opt alone is no faster 
than T(n) °= n 2 . When combined with the worst-case Greedy results 
of T(n) oc n 2 , this gives us T(n) oc n 2 + n 2 or T(n) oc 2n 2 , which is for- 
mally 0(« 2 ). Similar to AEHC, due to the iterative nature of 2-Opt 
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the worst-case time complexity of the heuristic has not been calcu- 
lated, while the work completed above indicates that it can be no 
better than 0{n 2 ). In Lawler et al. (1985), Johnson and Papadimi- 
triou discuss efforts using instances of second-best TSP tours hav- 
ing lengths an arbitrary multiple of the optimal length and never 
seeing any improvement in less than 3n/8 edge exchanges while 
noting that there are an exponential number of potential edge 
exchanges of this sort and that there are an exponential number of 
these "second-best" tours. 

With a best-case time complexity of Q(« 2 ) and the worst-case time 
complexity of at least 0(n 2 ), a tight bound may exist at 0(n 2 ), but this 
is unlikely. 



3 Numerical Results 

The greedy /2-opt hybrid is run on each of the four experimental 
instances from Chap. 10 with the results analyzed in this section. 

18.3.1 Personal Computer Instance 

The DLBP Greedy /2-Opt hybrid has been applied to the personal 
computer (PC) instance. As DLBP Greedy alone successfully found 
the optimal solution, the subsequent 2-Opt algorithm can do no bet- 
ter and terminates. The hybrid search of the PC instance took less 
than l/100th of a second with the optimal solution (Table 18.1) of 
four workstations and F = 33, H* = 7, D* = 19,025, and R* = 6 being 
found. 

18.3.2 The 10-Part Instance 

Using the 10-part instance, DLBP Greedy generates a feasible solu- 
tion having the minimum number of workstations and then DLBP 
2-Opt is able to improve the overall balance and the demand measure 
and maintain the optimal hazard measure, resulting in the optimal 
solution (five workstations and F = 211, H" = 4, D" = 9730, and R* = 7) 
being found (Table 18.2). The speed for the hybrid on this instance is 
again less than 1 / 100th of a second. 
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Table 18.1 Greedy/2-0pt Hybrid Solution Using the Personal 
Computer Instance 
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Table 18.2 Greedy/2-0pt Hybrid Solution Using the 10-Part Instance 



18.3.3 Cellular Telephone Instance 

DLBP Greedy/2-Opt finds feasible solutions to the cellular telephone 
data, taking 0.02 seconds on average. While 2-Opt is not able to 
improve upon the first-phase Greedy solution of 10 workstations, it is 
able to improve on all of the other measures. The balance measure 
improves to F = 93 from the Greedy starting point of F = 199, the haz- 
ard measure improves from Greedy's H = 89 to H = 87, the demand 
measure improves from D = 973 to D = 943, and the part removal 
direction measure improves from R = 12 to R = 10. Also, all of these 
results are better than those obtained by Greedy/ AEHC, though at 
the expense of time. The DLBP Greedy/2-Opt solution is shown in 
Table 18.3. 

18.3.4 DLBP A Priori Problem Instances 

The DLBP Greedy/2-Opt hybrid technique can be seen below as 
applied to the DLBP A Priori data with n = 12 (Table 18.4). DLBP 
2-Opt is not able to improve upon Greedy's near-optimal solution of 
NWS = 4 workstations (optimal is NWS* = 3), though it is able to 
improve upon the balance (from F = 532 to F = 174) and the part 
removal direction measures (from R = 7 to R = 4) while maintaining 
the hazard (at H* = 1) and demand (at D = 5) measures. The time to 
complete the search was less than l/100th of a second. 

DLBP 2-Opt maintains the optimum part removal sequence posi- 
tion for hazardous part 12 while improving the balance by increasing 
the number of parts in the last workstation from one to four. This 
improvement is seen in the Greedy idle times of I = (1, 1, 1, 23) improv- 
ing to the more balanced I. = (7, 8, 5, 6). Note that it would appear that 
parts 10 and 9 could be swapped to increase demand performance 
(at the acceptable cost of decreasing part removal direction perfor- 
mance); however, due to DLBP 2-Opt's ability to minimize the num- 
ber of workstations, it would put parts 12, 4, 1, and 9 in workstation 1, 
decreasing the overall balance measure (because four workstations 
would still be required and now one would be filled to capacity; i.e., 
workstation 1 would have an idle time of I t = 0). 

Various performance measures of the DLBP Greedy /2-Opt hybrid 
can be demonstrated with analysis using the DLBP A Priori benchmark 
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Table 18.4 Greedy/2-Opt Hybrid Solution Using the A Priori Instance at 
n= 12 



data sets of n = {8, 12, 16, 80). Only once is 2-Opt able to improve 
upon Greedy's solution of NWS = NWS* + 1 workstations (Fig. 18.4). In 
terms of the number of workstations required by the DLBP Greedy /2- 
Opt hybrid, from Eq. (12.1) the hybrid's efficacy index in number of 
workstations begins at an optimal EI NWS = 100%, drops to a low of EL^ 
= 89%, then continuously climbs through to EL^, = 98% with an effi- 
cacy index sample mean in number of workstations of EI NWS = 96%. 

As with Greedy and the Greedy/AEHC hybrid, balance efficacy is 
seen to improve with problem size (Fig. 18.5) though with the balance 
measure decreasing much more smoothly than the approximate step 
function seen with Greedy and even more so than Greedy/AEHC 
(again, note that the Greedy, Greedy/AEHC, and the Greedy/2-Opt 




Figure 18.4 Greedy/2-0pt hybrid workstation calculation. 
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Figure 18.5 Detailed Greedy/2-Opt hybrid balance measure. 

graphs are not of the same scale, with the Greedy chart in Fig. 16.3 
having a y-axis that is three times taller than that of the 2-Opt chart 
in Fig. 18.5). As with Greedy and Greedy/AEHC, poor performance 
is seen when dealing with smaller instances (the exception being the 
optimal solution found with data set number 1), though the balance 
is seen to steadily improve through to the last data set of n = 80. 

The normalized balance efficacy index improves from a Greedy 
low EI F = 59% to a 2-Opt low of EI F = 81%, from a Greedy high of 
EI f = 93%_to a 2-Opt high of EI f = 100%, andjrom a Greedy sample 
mean of EI F = 83% to a 2-Opt sample mean of EI F = 93% (Fig. 18.6). 

The hazardous part was regularly optimally placed by Greedy 
(due to the sorting process that puts the hazardous parts at the front of 
the sorted list) and this is maintained by 2-Opt (Fig. 18.7). The hazard 
measure's efficacy index starts out optimally at EI H ^100% and 
remains there for all instances, giving a sample mean of EI„ = 100%. 

The demand measure remains relatively consistent with instance 
size (Fig. 18.8). Its efficacy index fluctuates between EI D = 100% and 
EL, = 70% initially and then continues a very slow decline to EI D = 64% 
(with a low_of EI D = 61% at n = 20). The resulting demand measure sample 
mean is EI D = 74%. 

Only slightly better than AEHC, 2-Opt is able to provide a simi- 
lar improvement over Greedy alone when considering part removal 
direction (Fig. 18.9). Where Greedy's part removal direction mea- 
sure's efficacy index drops immediately from its highest value of 
EI R = 43% to EI R = 14% where it remains for the remainder of the 
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Figure 18.6 Normalized Greedy/2-0pt hybrid balance measure. 
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Figure 18.7 Greedy/2-0pt hybrid hazard measure. 
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Figure 18.8 Greedy/2-Opt hybrid demand measure. 




Figure 18.9 Greedy/2-Opt hybrid part removal direction measure. 
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instances (giving a sample mean of EI R = 16%), 2-Opt starts at EI R = 100% 
and never drops lower than Greedy's high of EI = 43%, resulting in a 
sample mean of EL = 56%. 

While DLBP Greedy/2-Opt is not as fast as Greedy/ AEHC, it is 
still able to generate solutions very rapidly. 2-Opt did run slow 
enough to allow the use of the smaller A Priori instances of n = {8, 12, 
16, 80} instead of n = {8, 12, 16, 760). Based on Figs. 18.10 and 
18.11 as well as the fact that DLBP Greedy was shown to have an 
average-case time complexity of 0(n 2 ), a second-order polynomial 
regression model is used to fit the Greedy/2-Opt curve. Figures 18.10 
and 18.11 are also valuable in demonstrating that even the slowest of 
the three greedy-based methodologies is tremendously fast when 
compared to faster growing second- or third-order curves. 

The regression equation is calculated to be T(n) = 5 x 10~ 5 n 2 - 
0.001m + 0.0033 (as compared to the T(n) = 7 x 10"V + 2 x 10- 6 w + 
0.00001 regression model of Greedy alone). The very small coeffi- 
cients of n 1 are indicative of the slow runtime growth in instance 
size. The coefficient of determination is calculated to be 0.9195, with 
a percentage of 91.95 percent indicating that a moderately good fit 
is made using the calculated linear regression curve. However, this 
is attributed to the extreme speed of the hybrid resulting in runtime 
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Figure 18.10 Greedy/2-0pt hybrid time complexity compared to second order. 
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Figure 18.11 Greedy/2-0pt hybrid time complexity compared to exhaustive 
search. 



data collected very near to the software's time resolution. A larger 
data set (as is required by Greedy and Greedy/AEHC) would be 
expected to result in a similar regression curve but with a higher 
coefficient of determination. As seen in Fig. 18.12, this regression 
provides an accurate fit. With a growth of 5 x 10" 5 « 2 - O.OOln + 
0.0033, the average-case time complexity of DLBP Greedy /2-Opt 
with the DLBP A Priori data is listed as 0{n 2 ) or polynomial com- 
plexity. This is in agreement with the partial time complexity calcu- 
lations performed in Sec. 18.2; however, it should be noted that the 
worst-case time complexity has not been calculated, though based 
on these experimental results and the earlier complexity calcula- 
tions, it can be no less than 0{n 2 ). 

As with Greedy and Greedy/AEHC, runtime performance can be 
improved by changing to a faster sorting algorithm for the first phase. 
Other measures of performance can be improved by increasing the k 
value, for example, switching to a 3-opt algorithm. 
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Figure 18.12 Greedy/2-0pt hybrid time complexity and second-order 
polynomial regression line. 



18.4 Conclusions 

An additional two-phase hybrid approach to the DLBP is presented 
in this chapter. This method combines the FFD greedy algorithm with 
a 2-opt algorithm modified for the BIN-PACKING problem by using 
arcs instead of edges and vertices instead of nodes, and by only allow- 
ing swaps of the vertices where normally edges would be exchanged. 
DLBP enhancements include the implementation of a multicriteria 
search objective. While not as fast as DLBP Greedy or the Greedy/ 
AEHC hybrid, the DLBP Greedy/2-Opt hybrid is able to find solu- 
tions having higher efficacies in all measures and at an average-case 
time complexity cost that is significantly slower than the other, non- 
greedy-based methodologies considered in Part II of this book. 
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CHAPTER 



H-K Heuristic 



19.1 Introduction 

The H-K heuristic rapidly provides a feasible solution using a 
modified exhaustive search technique that performs a data sampling 
of all solutions (Sec. 10.9). This general-purpose heuristic easily 
lends itself to the DISASSEMBLY LINE BALANCING PROBLEM 
(DLBP), seeking to provide a feasible disassembly sequence, mini- 
mize the number of workstations, minimize idle time, and ensure 
similar work content at each workstation, as well as addressing the 
placement of hazardous parts, high-demand parts, and parts with 
similar part removal directions per Sec. 12.3. The experimental 
instances are used to demonstrate the heuristic's implementation 
and measure its performance. 

This chapter introduces the DLBP-specific variation of the H-K 
general-purpose heuristic. H-K is an uninformed search; it methodi- 
cally moves through the search space regardless of prior, current, or 
forecast solution results. Section 19.2 allows a detailed look into the 
H-K process itself and reviews enhancements specific to the DLBP. 
Section 19.3 details the performance of the heuristic with changes in 
the search pattern, while Sec. 19.4 demonstrates the results when H-K 
is applied to the instances from Ch. 10. Section 19.5 summarizes the 
chapter. 



19.2 DLBP Application 

H-K (McGovern and Gupta, 2004b, 2008a) is modified for the DLBP. 
Applied to the permutation of the number of parts n and considering 
a product undergoing complete disassembly, the H-K process is mod- 
ified to test the proposed part addition to the sequence for precedence 
constraints. 

All of the parts are maintained in a tabu-type list ISS ( . defined by 
Eq. (16.1). Each increment of the DLBP H-K-generated solution is con- 
sidered for feasibility. If all possible parts for a given solution position 
fail these checks, the remainder of the positions are not further 
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inspected, the procedure falls back to the previously successful solution 
addition, increments it by 1, and continues. If, however, it is feasible 
in its entirety, DLBP H-K then looks at each element in the solution 
and places that element using the next-fit rule (from the BIN-PACKING 
problem application; once a bin has no space for a given item attempted 
to be packed into it, that bin is never used again even though a later, 
smaller item may appear in the list and could fit in the bin, see Hu 
and Shing, 2002). DLBP H-K puts the element under consideration 
into the current workstation if it fits. If it does not fit, a new workstation 
is assigned and previous workstations are never again considered. 
Although next-fit is not considered to perform as well as first-fit, 
best-fit, first-fit-decreasing, or best-fit-decreasing when used in the 
general BIN-PACKING problem, it is the only one of these rules that 
will work with an H-K-generated DLBP solution sequence due to 
the existence of precedence constraints (see Ch. 16 or McGovern and 
Gupta, 2005a for a DLBP implementation of first-fit-decreasing). 
When all of the work elements have been assigned to a workstation, 
the process is complete and the balance, hazard, demand, and direc- 
tion measures are calculated. The best of all of the inspected solution 
sequences is then saved as the problem solution. These processes are 
repeated until all items have been assigned to workstations. 

Although the actual software implementation for the study in 
this book consisted of a very compact recursive algorithm, in the 
interest of clarity, the general DLBP H-K procedure is presented here 
as a series of nested loops (Fig. 19.1), where FS is the feasible sequence 
indication (FS = 1 if the solution is feasible, and ISS,. is a binary value: 
1 if the /cth part is already in the solution sequence). 



19.3 DLBP A Priori Numerical Analysis 
for Varying Skip Size 

The DLBP A Priori instances can be used to determine how skip size 
affects solution performance and time complexity (then, based on 
these results, how the heuristic's performance changes with problem 
size can be demonstrated, as can be seen in the next section). Because 
H-K is exceptionally deterministic and performs no preprocessing of 
the data, the order in which the data is presented can be expected to 
affect the solutions considered. For this reason, the analyses done in 
the following sections are first run with the data as given by Eq. (11.16) 
and then run again, but this time with the data presented in reverse. 
(Note that the algorithm in Fig. 19.1 actually generates the data as a 
permutation, so references to the data being given in reverse actually 
refer to the algorithm generating the permutations in reverse.) The 
better of the two results is used and the search times (forward and 
reverse) are then added together. Both forward and reverse results are 
used to ensure that unusually good (or bad) results are not artificially 
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Procedure DLBPJ1-K { 

SET ISS { , := V ke P { equal to 1 if part k is in the solution sequence } 

SET FS := 1 { feasible sequence value equal to 1 if feasible } 

PSj := 1 to n, skip by \fr { identification of &th part in a solution sequence } 
SET ISS PS| := 1 

PS2 := 1 to n, skip by lff 2 

WHILE (ISSp S2 ==lv 

PRECEDENCE_FAIL a 
not at n) 
Increment PSi by 1 

IF ISSp S2 = = l 
THEN SET FS := 
ELSE SETISSp S2 := 1 

IF FS = = 1 

PS„ := 1 to n skip by \j/ n 

WHILE (ISSp Sn ==lv 

PRECEDENCE_FAIL a 
not at ri) 
Increment PS„ by 1 

IF ISS PS(i = = 
THEN evaluate solution PS 

IF FS = = 1 
THEN SET ISSps 2 :=0 
ELSE SET FS := 1 

SET ISSp S ,:=0 
SET FS := 1 

} 



Figure 19.1 The DLBP H-K procedure. 

obtained due to some unknown structural feature of the DLBP A Priori 
data sets and since presenting data in both forward and reverse 
formats could be expected to be the most common application. This is 
not necessary where an instance contains a relatively large number of 
precedence constraints; individual parts in an instance do not bear a 
great deal of resemblance to each other; or where in an actual applica- 
tion one may expect a user of H-K to only run the data exactly as it was 
presented to them. Although not covered here in order to allow an 
introduction to the basic concepts of H-K, note that it could be expected 
that better results may be achieved with multiple runs of H-K consist- 
ing of the data being presented to H-K in differing orders. 

Skip size is varied to determine if and how solution performance 
decreases with increases in 1//. All cases are the DLBP A Priori data set 
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with n = 12, consideration of all skip sizes (including exhaustive search, 
i.e., i//= jl, «)), and using all smaller skip sizes per Eq. (10.3). This 
instance size is chosen because it is the largest multiple of |PRT| that 
can be repeatedly evaluated by exhaustive search in a reasonable 
amount of time (n = 12 took just over 20 minutes, while n = 16 is calcu- 
lated to take over 2 years; see Sec. 13.3). This is essential since exhaus- 
tive search provides the time complexity and solution performance 
baseline. A full range of skip sizes is used to provide maximum and 
minimum performance measures, and all intermediate skip sizes are 
used to allow the highest level of detail for the study. Although most 
of the following results are not optimal even though there are multiple 
optimum extreme points, this is again a reflection of the especially 
designed DLBP A Priori data set than any search technique. 

The first analysis done is a time complexity study. As shown in 
Fig. 19.2, the solution time appears to grow slightly less than factori- 
ally to the inverse of )//, so even a very small increase in the skip size 
will yield a significant speed up of any search. (The exhaustive search 
curve has no relationship to the H-K curve and is depicted only to 
provide a size and shape reference.) 

A more detailed view of the H-K time-to-skip size relationship 
can be seen in Fig. 19.3. With an exponential curve (specifically n" with 
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Figure 19.2 H-K time complexity. 
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Figure 19.3 Detailed H-K time complexity. 

12 > n > 1) adjusted for scale and overlaid, it can be seen that the rate 
of growth is actually exponential in the inverse of i//. The average- 
case time complexity of H-K is then listed as 0{b b ) in skip size, where 
b = l/y/. Due to the nature of H-K, the number of commands executed 
in the software do not vary based on precedence constraints, data 
sequence, greedy or probabilistic decision making, improved solu- 
tions nearby, and the likes, so the worst case is also 0(b b ), as is the best 
case [i.e., big-omega of Q(£>'')], and, therefore, a tight bound exists, 
which is ®{b h ). 

Next, the workstation calculation performance is measured. The 
number of workstations calculated is seen to remain optimal through 
i//= 4 (i.e., while y/ stays within 1/3 of n). As seen in Fig. 19.4, perfor- 
mance then decreases to NWS* + 1 and remains there; even at the 
maximum skip size (i//= 12), NWS is never worse than NWS* + 1 
(note that this is also indicative of the next-fit rule methodology). 
From Eq. (12.1) H-K's efficacy index in number of workstations while 
varying (//starts at an optimal EI NWS = 100% then drops to and remains 
at EI NWS = 89% with an efficacy index sample mean in number of 
workstations of El^g = 93%. Ignoring the i//= 1 results (since this is 
effectively exhaustive search) and i//= 12 results (since this is a trivial 
solution and one that is repeated for all i// sizes), the efficacy index 
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Figure 19.4 H-K workstation calculation with changes in y/. 



sample mean in number of workstations is more appropriately 
described by EI^ = 92%. 

The balance performance is then measured. The measure of bal- 
ance also remains optimal through y/ = 4 (i.e., while y/ stays within 
1/3 of n). As seen in Fig. 19.5, performance again decreases as skip 
size increases but at a relatively slow rate. From Eq. (12.1) H-K's effi- 
cacy index is balanced while varying i// starts at an optimal EI f = 100% 
until y/ = 5 then drops to a low of EI f = 94% giving an efficacy index 
sample mean in balance of EI f = 97% and remains the same when 
ignoring the y/= 1 and y/= 12 results. 

The normalized balance gives a more scale-appropriate depiction 
of the balance performance. The normalized performance is seen in 
Fig. 19.6. The efficacy index is balanced while varying (//starts at an 
optimal EI f = 100% and drops to EI F = 76%, giving an efficacy index 
sample mean in normalized balance of EI f = 85%; this remains the 
same when ignoring the y/= 1 and y/= 12 results. 

The third objective is also seen to decrease in performance with 
increases in skip size, as illustrated by Fig. 19.7. The hazard measure 
remains optimal through y/ = 3 but eventually drops to worst case at 
y/= 9. The hazard efficacy index while varying y/ starts at an optimal 
EI„ = 100% and worsens to EI„ = 0% giving an efficacy index sample 
mean in hazard of EI„ = 50%, which remains unchanged when ignor- 
ing the y/= 1 and y/= 12 results. 
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Figure 19.5 H-K F performance with changes in i//. 
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Figure 19.7 H-K H performance with changes in y/. 

The fourth and fifth objectives decrease in performance with 
increases in skip size as well, each at a slightly steeper angle (attrib- 
uted to the prioritization of the objectives), as illustrated in Figs. 19.8 
and 19.9. Optimal and better than optimal (i.e., removing the high- 
demand part first in the case of the hazardous part having not been 
removed first) D results are seen as far out as i//= 8, while the optimal 
number of direction changes is only seen out to i//= 2 (with the under- 
standing that i//= 1 is effectively exhaustive search). The demand efficacy 
index while varying i// starts at an optimal EL = 100% then fluctuates 
between EI D = 20% and EI D = 110% (better than optimal, but at the 
expense of balance) giving an efficacy index sample mean in demand 
of EI D = 58%. Ignoring the y/= 1 and y/= 12 results, the efficacy index 
sample mean is calculated to be EI D = 56%. 

The part removal direction measure reaches worst case by )// = 6 
but then improves slightly at y/ = 9. The part removal direction effi- 
cacy index while varying i// starts at i// = 2 at an optimal EI R = 100%, 
worsens to EI R = 0%, then climbs to EI R = 14% giving an efficacy index 
sample mean in part removal direction of EI R = 36%. Ignoring the y/= 1 
and i//= 12 results, the efficacy index sample mean is calculated to be 
EI R = 31%. 

These studies show how the heuristic's performance decreases with 
skip size and provide at least a starting point for the selection of a skip 



H-K Heuristic 




Figure 19.9 H-K R performance with changes in 



252 Disassembly-Line Balancing 



size based upon the required level of performance as considered against 
time complexity. In large problems, time will quickly become the over- 
riding consideration. These and other experiments indicate that a Ai// 
ranging from 10 to 12 (resulting in a i// equal to 10 to 12 less than n) 
appears to give time complexity performance at par with many other 
heuristic techniques, regardless of hardware implementation. 



19.4 Numerical Results 

The H-K general-purpose heuristic has been run on each of the four 
experimental instances from Ch. 10 with the results analyzed in this 
section. Based upon the results in the previous section, all the instances 
are run on the forward data with Ay/ varying from 1 to 10 (e.g., at n = 25, 
skip size would vary as 15 < i//< 24) with the best solution from these 
10 searches kept. For small data sets the software has been set up so 
that it will not attempt any skip size smaller than i// = 3 to avoid 
exhaustive or near-exhaustive searches (which would result in unre- 
alistically large search times on small data sets). In addition, the DLBP 
A Priori data sets are run with the data in both forward and reverse. 

19.4.1 Personal Computer Instance 

DLBP H-K has been applied to the personal computer (PC) instance. 
The solution found is optimal in all measures except demand (Table 19.1). 
The H-K solution consists of the optimal four workstations and P = 33, 
H* = 7, D = 19,265 (D* = 19,025), and R* = 6 being found and taking less 
than l/100th of a second. 

19.4.2 The 10-Part Instance 

On the 10-part instance, DLBP H-K finds a near-optimal solution in 
less than l/100th of a second. The solution shown in Table 19.2 is 
optimal in the number of workstations, balance, and hazard mea- 
sures. It is suboptimal in demand but actually better than optimal in 
the part removal direction measure. With the optimal solution known 
to be five workstations and P = 211, H" = 4, D* = 9730, and R* = 7, 
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Table 19.1 H-K Solution Using the Personal Computer Instance and 3 < y/"< 7 
(Forward Only) 
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Table 19.2 H-K Solution Using the 10-Part Instance and 3 < y/< 9 (Forward Only) 



DLBP H-K's solution consists of NWS* = 5, F* = 211, H* = 4, D = 10,810, 
and _R = 6 (better than optimal, though at the expense of the demand 
measure). 

19.4.3 Cellular Telephone Instance 

The H-K solution to the cellular telephone instance is shown in 
Table 19.3. This solution results in NWS = 11, F = 399, H = 82, D = 940, 
and R = 10 and took 0.01 seconds on average. 

19.4.4 DLBP A Priori Instances (Numerical Results 
for Varying n) 

The DLBP H-K technique can be seen below (Table 19.4) on the DLBP 
A Priori data presented forward and reverse at n = 12 and 3 < y/< 11 
(note that without the minimum allowed value of y/ = 3, skip values 
would include 2 < i//< 11). DLBP H-K is able to find a solution optimal 
in the number of workstations, balance, and hazard. The solution 
found came from the reverse set (both forward and reverse were 
used) and consisted of NWS* = 3, F* = 0, H* = 1, D = 10 (optimal value 
is D* = 2), and R = 2 (optimal value is R* = 1). The time to complete the 
forward and reverse searches averaged 1.56 seconds. 

Instance size is varied to demonstrate how solution performance 
changed with increases in n. All cases are the DLBP A Priori prob- 
lem with sizes of n = {8, 12, 16, 80|, 1 < Ay/< 10, and the resulting 
skip sizes of n - 10 < y/< n - 1. On the full range of data (i.e., n = {8, 12, 
16, 80)), DLBP H-K finds solutions with NWS* workstations up 
to n = 12, and then solutions with NWS* + 1 workstations through 
data set 11 (n = 48), after which it stabilizes at NWS* + 2 (Fig. 19.10). 
From Eq. (12.1) H-K's efficacy index in number of workstations 
starts at an optimal EI NWS = 100%, drops to a low of EI NWS = 92%, then 
continuously climbs through to EI NWS = 97%_with an efficacy index 
sample mean in number of workstations of EI NWS = 96%. 

Increases in the balance measure are seen with increases in data 
set size. A detailed view of balance performance with problem size 
can be seen in Fig. 19.11. The H-K curve approximates a step function 
similar to Greedy. However, H-K appears to differ from Greedy in 
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Table 19.3 H-K Solution Using the Cellular Telephone Instance and 15 < y < 24 (Forward Only) 
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Table 19.4 H-K Solution Using the A Priori Instance at n = 12 and 3 < y< 11 
(Forward and Reverse) 
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Figure 19.10 H-K workstation calculation. 



the sense that good performance is actually seen more often when 
dealing with smaller instances (i.e., the step function of H-K is the 
reverse of that of Greedy). 

While increases in the balance measure are seen with increases in 
data set size, as a percentage of the overall range from best case to 
worst case, the normalized balance measure tends to decrease 
(i.e., improve) with increases in the data set size (Fig. 19.12). The normal- 
ized balance efficacy index drops from a high of EL = 100% to a low of 
EI f = 85% at n = 16 then slowly climbs to EI F = 92% giving a sample 
mean of EI f = 92%. 
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Figure 19.12 Normalized H-K balance measure. 
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The hazardous part is regularly suboptimally placed. Hazard 
part placement stays relatively consistent with problem size (though 
effectively improving as compared to the worst case, as illustrated by 
Fig. 19.13). These results are as expected since hazard performance is 
designed to be deferential to balance and affected only when a better 
hazard measure can be attained without adversely affecting balance. 
The hazard measure's efficacy index fluctuates, similar to a sawtooth 
wave function (or more accurately, a triangle wave), between EL = 57% 
and EI = 100%, giving a sample mean of EI = 90%. 

The high-demand part is also suboptimally placed, though at a 
higher rate than the hazardous part (Fig. 19.14). Its efficacy index 
fluctuates between EL, = 7% and EI D = 103% (due to better than opti- 
mal placement in position k = 1 at the expense ofhazard placement). 
The resulting demand measure sample mean is EI D = 49%. 

With part removal direction structured as to be deferential to 
balance, hazard, and demand, it is seen to decrease in performance 
when compared to the best case and when compared to the worst 
case (Fig. 19.15). Again, these results are as expected due the priori- 
tization of the multiple objectives. Though the part removal direc- 
tion efficacy gets as high as EL = 86%, by n = 24, it drops to EL = 0% 
and neve_r_rises higher again than EI R = 43%, resulting in a sample 
mean of EL = 20%. 
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Figure 19.13 H-K hazard measure. 
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Figure 19.14 H-K demand measure. 




Figure 19.15 H-K part removal direction measure. 
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A smaller y/ or, as with other search techniques, the inclusion 
of precedence constraints will increasingly move the DLBP H-K 
method toward the optimal solution. As shown in Fig. 19.16, the 
time complexity performance of DLBP H-K provides the trade-off 
benefit with the technique's near-optimal performance, demon- 
strating the moderate increase in time required with problem size 
that grows markedly slower than the exponential growth of 
exhaustive search. Exhaustive and third-order curves are shown 
for comparison. 

Based on Figs. 19.16 and 19.17, a second-order polynomial regres- 
sion model is used to fit the H-K curve with n = {8, 12, 16, . . ., 80}, 1 < 
At//< 10, and the resulting skip sizes of n — 10 < y/< n — 1. 

The regression equation is calculated to be T(n) = 0.0033?? 2 - 0.0002m 
+ 0.2893. The small n 2 coefficient is indicative of the slow runtime 
growth in instance size. The coefficient of determination is calculated 
to be 0.9974, indicating that 99.74 percent of the total variation is explained 
by the calculated linear regression curve (the anomaly seen in the H-K 
curve in Fig. 19.17 is due to the software rule that dictated that all y/ 
could be as small as n - 10, but no less than y/= 3, to prevent exhaus- 
tive or near-exhaustive searches at small n). As seen in Fig. 19.18 this 
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Figure 19.16 H-K time complexity compared to exhaustive search. 




Figure 19.17 H-K time complexity compared to second order. 




Figure 19.18 Detailed H-K time complexity and second-order polynomial 
regression line. 
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regression provides a very accurate fit. With a growth of 0. 0033m 2 - 
0.0002m + 0.2893, the average-case time complexity of DLBP H-K curve 
(with forward and reverse data, 1 < Ay/< 10, and resulting skip sizes of 
n - 10 < y/ < n - 1) is listed as 0(n 2 ) or polynomial complexity. Per 
Sec. 19.3 the deterministic, single iteration nature of H-K also indicates 
that the process would be no faster than this so it is expected that the 
time complexity lower bound is Q(n 2 ) and, therefore, the H-K appears 
to have an asymptotically tight bound of Q(n 2 ) as configured here. 

Average-case time complexity using the DLBP A Priori data 
then appears to be 0{b b ) in skip size (where b = 1/ty/), while H-K 
appears to grow at approximately 0(n 2 ) in instance size. Runtime 
performance can be improved by increasing skip size and by run- 
ning the data in one direction only while the opposite (i.e., decreas- 
ing skip size and running different versions of the data, including 
running the data in forward and reverse order) would be expected 
to increase solution efficacy. Note that other techniques as discussed 
in Sees. 10.9.2 and 10.9.3 may decrease runtime and/or increase 
solution efficacy as well. 



5 Conclusions 

An uninformed deterministic search approach to combinatorial opti- 
mization problems and an application to the multiple-objective DLBP 
were presented in this chapter. The single-phase H-K general-purpose 
heuristic rapidly provides a feasible solution to the DLBP using a 
search technique that samples the entire solution space. The DLBP H-K 
heuristic provides a near-optimal minimum number of workstations, 
with the level of optimality increasing with the number of constraints. 
It generates a feasible sequence with an optimal or near-optimal mea- 
sure of balance while maintaining or improving the hazardous materi- 
als measure, the demand measure, and the part removal direction 
measure. The H-K general-purpose heuristic appears well suited to the 
multicriteria decision-making problem format as well as for the solu- 
tion of problems with nonlinear objectives. Of all the methodologies 
investigated in Part II, H-K provides the most natural application to 
distributed computing where the many networked computers would 
each work on a portion of the farmed-out search space and with each 
exponential increase in processing speed (attributed to some combina- 
tion of increased CPU clock speed and/or increases in the number of 
computers in the grid), the skip size could be decremented resulting in 
improvements in solutions with no increase in perceived runtime. In 
addition, the H-K heuristic is especially applicable to generating 
diverse first-phase solutions for hybrids or hot-start solutions for local 
search methodologies. 
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20.1 Introduction 

In this chapter all of the combinatorial optimization methods are 
compared using the full range of the known-optimal solution data 
set (McGovern and Gupta, 2007b). They are compared to each other 
and to the known best-case and worst-case performance on the basis 
of the following: time complexity, total number of workstations, 
and measures of balance, hazard, demand, and part removal direc- 
tion (McGovern and Gupta, 2007c). Each is then compared using 
the efficacy indices. The methods having probabilistic components 
[ant colony optimization (ACO) and genetic algorithm (GA)] have 
been run five times with the reported results being the mean of 
these runs while all other techniques — due to their deterministic 
nature — are run three times simply to provide mean runtime data. 

This chapter provides a detailed side-by-side comparison of the 
various performance measures displayed by the six heuristic and 
metaheuristic methodologies (exhaustive search is not included in 
this comparison other than its use as a benchmark) when applied to 
the DISASSEMBLY LINE BALANCING PROBLEM (DLBP). Section 20.2 
provides the quantitative and qualitative comparative analysis, 
demonstrating the results when the combinatorial optimization 
methodologies are applied to the instances from Ch. 10, while Sec. 20.3 
summarizes the chapter. 
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20.2 Experimental Results 

The four heuristics and two metaheuristics have been run on the 
DLBP A Priori experimental instances (with sizes of n = {8, 12, 16, . . ., 
80}) from Ch. 10 with the results comparatively analyzed in this chap- 
ter. Note that, due to the averaging of the results generated by the 
processes with stochastic characteristics, many of the reported results 
are not purely discrete. 

For DLBP GA, all tests are performed using a population size of 
20, mutation rates of 1.0 percent, 10,000 generations, and crossover 
rates of 60 percent. 

For DLBP ACO the maximum number of cycles used is NC = 

J max 

300, the weight of pheromone in path selection is a= 1.00, the weight 
of balance in path selection is y3 = 5.00, the evaporation rate is 1 - p = 
0.50, the amount of pheromone added if a path is selected is Q = 100.00, 
and the initial amount of pheromone on all of the paths is c = 1.00. 

For DLBP H-K, all cases are calculated using a varying delta skip 
of 1 < Ay/< 10 with the resulting skip sizes of n - 10 < i//< n - 1. The 
software was configured so that it would not attempt any skip size 
smaller than i//= 3 (to avoid exhaustive or near-exhaustive searches 
with small instances). In addition, the DLBP A Priori data sets were 
run with the data in forward and reverse order. 

The first study performed is a measure of each of the technique's 
calculated number of workstations as compared to the optimal as 
given by Eq. (11.2). As shown in Fig. 20.1, all of the methods perform 
very well in workstation calculation, staying within two workstations 
of optimum for all data set sizes tested. Efficacy index sample means 
range from a low of EI^ = 95% (DLBP ACO and DLBP Greedy) to a 
high of EI NWS = 97% (DLBP GA). 

In terms of the calculated measure of balance, again, all of the 
methods are seen to perform very well and significantly better than 
the worst case (best case is found uniformly at F = 0, as illustrated in 
Fig. 20.2). However, examining the balance in greater detail provides 
some insight into the different techniques. 

As seen in Fig. 20.2, DLBP ACO performs very well but — as seen 
later in the time complexity study — at the expense of runtime and 
extensive software modifications. Specifically, due to the nature of the 
DLBP (i.e., with precedence constraints, a part's placement in a solu- 
tion sequence cannot be evaluated until what has come before it is 
known, and hence, how much time remains in the workstation under 
consideration) Eq. (15.1) is made to be dynamic; that is, Eq. (15.1) for 
the DLBP is calculated at each increment in time rather than just once 
at the start of each cycle. Although slightly more time consuming, this 
does not increase the overall time complexity of 0(w 3 ) and it results in 
excellent solution results. Also, DLBP ACO requires additional 
time since twice as many edges are evaluated than would be in a 
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Figure 20.1 Workstation calculations for each DLBP combinatorial 
optimization method. 




Figure 20.2 Detailed DLBP combinatorial optimization methods' balance 
performance. 
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general-purpose ACO since all edges in DLBP are directed edges with 
p, cj not necessarily equivalent to cj, p. 

It can also be seen that the performance of the DLBP versions of 
ACO and the Greedy /AEHC hybrid improves with instance size, 
while that of DLBP H-K and GA tends to decrease and do so in a 
similar, step-function fashion (note, however, that even their normal- 
ized balance performance actually improves overall with instance 
size as a percentage of worst case as is indicated by their improved 
efficacy indices with instance size, as illustrated in Fig. 20.3). This is 
to be expected with H-K and GA. For H-K this has to do with the fact 
that as the instance size grows, a lower and lower percentage of the 
search space is investigated (assuming the skip size range is not 
allowed to increase with instance size, which is the case in this book). 
For GA, efficacy falls off with instance size because, unlike hill-climbing 
and A:-optimal processes that continue to search until no better nearby 
solution can be found, GA is set up to terminate after a fixed number 
of generations (in addition, here DLBP GA's population does not 
increase with increases in instance size). 

Normalized efficacy index _sample means range from a low of 
EI F = 83% (Greedy) to a high of EI f = 94% (DLBP GA). 

All of the processes perform well in hazardous part placement 
but none as much so as the three Greedy processes (Fig. 20.4). The 
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Figure 20.3 Normalized DLBP combinatorial optimization methods' balance 
performance. 
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Figure 20.4 DLBP combinatorial optimization methods' hazard 
performance. 

hazardous part was regularly optimally placed by these methodolo- 
gies as a result of the sorting process that placed the hazardous parts 
at the front of the sorted list. Other techniques that did not possess 
this preprocessing of the data regularly, suboptimally placed the 
lone hazardous part. These results are expected since hazard perfor- 
mance is designed to be deferential to balance and affected only 
when a better hazard measure can be attained without adversely 
affecting balance. Efficacy index sample means range from a low of 
EI H = 74% (DLBP ACO) to a high of EI H = 100% (Greedy, Greedy/ 
AEHC, Greedy/2-Opt). 

All the processes also suboptimally place the high-demand 
part, though at a higher rate than the hazardous part. As seen in 
Fig. 20.5, Greedy appears to be the most predictable of the six meth- 
odologies, while DLBP H-K seerns^ to be the least. Efficacy index 
sample means range from a low of EL, = 49% (DLBP H-K) to a high of 
EI D = 78% (DLBP GA). 

With part removal direction structured as to be deferential to 
balance, hazard, and demand, all of the methodologies are seen to 
decrease in performance, and do so in a haphazard fashion. This 
decrease in performance is seen both when compared to the best 
case and when compared to the worst case (Fig. 20.6). Again, these 
results are as expected due the prioritization of the multiple objectives. 
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Figure 20.5 DLBP combinatorial optimization methods' demand 
performance. 




Figure 20.6 DLBP combinatorial optimization methods' part removal 
direction performance. 
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Figure 20.7 Time complexity of DLBP combinatorial optimization methods. 



Efficacy index sample means range from a low of EL = 13% (DLBP 
ACO) to a high of EI R = 56% (Greedy /2-Opt). 

Finally time complexity is examined using the A Priori data. All 
of the techniques are seen to be very fast (Fig. 20.7). Each is signifi- 
cantly faster than exhaustive search and each is seen to be as fast as or 
faster than third order. 

The runtimes can be examined in greater detail in Fig. 20.8. Spe- 
cifically designed for the DLBP, the Greedy and Greedy hybrids 
proved to be, as one may expect, the fastest techniques examined on 
the A Priori instances of n = {8, 12, 16, . . ., 80}; however, DLBP GA was 
seen to be only slightly slower. Note that due to the time complexity, 
at some point none of these techniques can be faster than DLBP GA 
due to its linear growth. However, by that point DLBP GA's popula- 
tion or number of generations may need to be adjusted to allow the 
generation of adequate solutions and this will, of course, increase its 
runtime. DLBP H-K is also very fast, even with Ai// varying from 1 to 
10 and with forward and reverse data runs. The H-K process grows 
approximately exponentially in l/i//, taking, for example, from two 
l/100ths of a second at i//= 5 (actually 5 < y/< 11 and 0.02 seconds) up 
to just under 20 seconds at y/= 2 (i.e., 2 < y/< 11 and 19.34 seconds) 
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Figure 20.8 Detailed time complexity of DLBP combinatorial optimization 
methods. 



with n = 12 and forward and reverse data, while exhaustive search 
was seen to take almost 25 minutes (24.61 minutes) on the same size 
data. The slowest is seen to be DLBP ACO but this can be partially 
attributed to the dynamic probability calculations, which is more a 
consequence of the challenges posed by DLBP than any concerns 
with the ACO methodology. 

As previously discussed, these suboptimal results are not indica- 
tive of poor heuristic performance but are, more precisely, indicative 
of a successful DLBP A Priori design. Suboptimal solutions typically 
result when this specially designed set of instances is processed, even 
at seemingly small n values. For each of these methodologies, their 
DLBP-specific engineering element of searching exclusively for pre- 
cedence-preserving solution n-tuples means that the inclusion or 
addition of precedence constraints will reduce the search space and 
increasingly move any of these methods toward the optimal solution. 
Larger n appears to increasingly move the DLBP GA/ AEHC heuristic 
hybrid and DLBP ACO toward the optimal solution, while a smaller y/ 
or multiple runs with randomized (or other formatted) data sets will 
increasingly move the DLBP H-K metaheuristic toward the optimal 
solution. 
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Time complexity improvements can be gained in DLBP GA with 
smaller generations or smaller populations, in DLBP ACO with a 
smaller number of cycles or probability calculations that are not 
dynamic, and in DLBP H-K with increases in i//. Each of these can be 
expected to be at the cost of solution performance. Due to its problem- 
specific design, there are no obvious ways to speed up the DLBP 
Greedy algorithm, the DLBP Greedy algorithm/ AEHC heuristic 
hybrid, or the DLBP Greedy algorithm/ 2-Opt heuristic hybrid; how- 
ever, a gain can be easily realized through replacing its notoriously 
slow sort routine (bubble sort) to a faster algorithm such as quick sort 
or merge sort. 

The calculated asymptotic bounds of each of the seven method- 
ologies are compiled into one table as seen in Table 20.1. The table 
contains each of the combinatorial optimization methodologies 
demonstrated here and lists their calculated theoretical best-case, 
worst-case, and (for those they exist for) tight bounds in time com- 
plexity. Shading indicates values for which precise calculations are 
not available; the dark shading indicates a minimum worst-case 
value (the actual worst case is expected to be larger), while the light 
shading indicates values based on experimental average-case results 
using the DLBP A Priori data. 

Each of the collected quantitative values is then compiled into 
one table for reference and comparison (Table 20.2). This table contains 
each of the combinatorial optimization methodologies demonstrated 
here and lists their number of workstations, balance, hazard, demand, 
and part removal direction sample mean efficacy indices; regression 
model average-case experimentally determined time complexity; and 
associated asymptotic upper bound (experimentally determined 
average case using the DLBP A Priori data). 

The shading provides a quick reference to performance, with 
darker shades indicating worsening performance. While Exhaustive 
Search is included in the table, none of its row elements are considered 
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for shading since its purpose in the table is as the benchmark for com- 
parison. Note that the balance measure sample mean efficacy index is 
based on the normalized balance. This is done in the interest of pro- 
viding a more appropriate and consistent scale across the table. 

The regression model column only contains the highest-order 
base in the polynomial (since the leading term of a polynomial deter- 
mines its order) and its coefficient. This is performed in the interest of 
space since these are the portions of the regression model that result 
in the fastest runtime growth with instance size. The coefficients of 
determination for all of the methodologies are all very high indicat- 
ing a high confidence in the accuracy of the regression curves. The 
coefficients of determination expressed as a percentage are calcu- 
lated to be 99.2 percent for DLBP GA, 100.0 percent for DLBP ACO, 
95.7 percent for Greedy, 99.1 percent for Greedy/AEHC, 92.0 percent 
for Greedy/2-Opt, and 99.7 percent for DLBP H-K. 

Also, the "Big-oh" notation column is not considered for shading 
since it bears a direct correlation to the information in the regression 
model column, but with less resolution. In addition, each of the regres- 
sion models and some of the big-oh data are understood to be average- 
case results when using the DLBP A Priori data sets and not necessarily 
actual average case, worst case, or best case and not necessarily for all 
instances. 

Finally, the information in this table should not be taken alone 
and should only be used as an accompaniment to the qualitative 
graphs, remarks, and analyses in this chapter and in each of the chap- 
ters describing and evaluating the seven combinatorial optimization 
methodologies. 



20.3 Conclusions 

The results of seven combinatorial optimization solution methods 
applied to the DISASSEMBLY LINE BALANCING PROBLEM were 
quantitatively and qualitatively compared in this chapter. This was 
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performed using graphical comparisons of efficacy measures with 
instance size, as well as through the use of efficacy indices applied 
to the same measures and using Exhaustive Search as a time and 
performance benchmark. All of the methodologies perform very 
well — though consistently suboptimally — with different techniques 
demonstrating a variety of performance subtleties that show no 
one technique to be ideal in all applications. While it should be noted 
that these measures are solely dependent on the A Priori data set 
instances used, this data set can be seen to have posed — even with 
its multiple optimum extreme points — a nontrivial challenge to all 
of the methodologies and in all instance sizes. This would seem to 
indicate that the data set meets its design expectations and does not 
contain any unforeseen nuances that would render it a weak bench- 
mark for the subject problem of this text, the DISASSEMBLY LINE 
BALANCING PROBLEM. 
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CHAPTER 



Other Disassembly-Line 
Balancing Research 



21.1 Overview 

This chapter concludes Part II and the discussion of the DISAS- 
SEMBLY LINE BALANCING PROBLEM (DLBP) by presenting 
other directly related areas of study. The chapter is organized as 
follows: Section 21.2 presents an overview of extensions to the 
DLBP. Section 21.3 reviews the wide range of potential solution 
methodologies that can be applied. The next two sections pro- 
vide a background on probabilistic considerations and efforts. 
Specifically, Sec. 21.4 discusses the variety of approaches that 
have been taken to-date to solve stochastic assembly-line problems 
and Sec. 21.5 focuses on the potential for generation of stochastic 
benchmark data sets and case studies. Suggestions for future 
research are listed in Sec. 21.6. 



21.2 Problem Extensions 

Some appropriate extensions include designing and adding addi- 
tional prototypes (Chap. 8), changing the multicriteria ordering of 
priorities (Chap. 12), evaluation under the condition of incomplete 
or partial disassembly, measuring the level of unbalance (Chap. 29), 
deleting some evaluation criteria (this is especially applicable to the 
case where the data set would be used in measuring the unbalance 
resulting from a heuristic applied to an assembly-line study rather 
than a disassembly line), or model evaluation using other solution 
methodologies. 

Though the disassembly line is most suitable for automated 
disassembly (GiAngor and Gupta, 2001a), disassembly operations 
can also be performed at a single workstation or in a disassembly cell. 
While less efficient — since they are unable to achieve the high pro- 
ductivity rates provided by disassembly lines — they are generally 
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considered to be more flexible and therefore, potentially worthy of 
further study. 

Some researchers use mathematical programming techniques to 
solve the DLBP. While not addressing the line-balancing aspect of the 
DLBP, Altekin et al. (2008) provide a mixed integer programming 
formulation that allows for partial disassembly. That model simultane- 
ously determines the feasible disassembly sequence, the number of 
workstations, and the cycle time. Disassembly-line balancing in real 
time (Duta et al., 2008a) has been modeled using mixed integer qua- 
dratic programming and solved with a branch-and-cut-algorithm-based 
method. Balancing the disassembly line in the presence of task failures 
(Giingor and Gupta, 2001a) has been considered with a balancing 
algorithm that assigns tasks to workstations such that the effect of the 
defective parts on the disassembly line is minimized. Existing concepts 
in assembly-line balancing have been modified to demonstrate the 
applicability of some important factors in balancing a paced disassem- 
bly line (Giingor and Gupta, 2002). Two-phase Petri nets and simula- 
tion have been shown to maximize disassembly system throughput 
and revenue (Tang and Zhou, 2006; Tang et al., 2006). This was accom- 
plished by dynamically configuring the disassembly system into 
multiple disassembly lines while considering line balance, different 
process flows, and meeting different order duedates. 



3 Additional Solution Methodologies 

While the solution methodologies demonstrated in this book provide 
a range of breadth and depth, many other options exist. These include 
the application of accepted assembly-line balancing rules and algo- 
rithms (including extensions of these for use in disassembly), as well 
as the use of other combinatorial optimization heuristics and meta- 
heuristics. 

Related assembly-line balancing heuristics include the Kilbridge- 
Wester heuristic, the Moodie- Young method, Helgeson-Birnie method 
(also known as the positional-weight technique), immediate-update 
first-fit heuristic, and the rank-and-assign heuristic. Elsayed and 
Boucher (1994) thoroughly detail each of these line-balancing algo- 
rithms and provide relevant examples. While all of these are not 
directly applicable to all aspects of the DLBP, they each have potential 
application to disassembly-line balancing. These algorithms are 
directly applicable in the case of pure, basic, complete disassembly; 
for example, in cases where: parts are not demanded, all end-of-life 
products are the same and in serviceable condition, hazardous parts 
are not present or are not a consideration, line efficiency in terms of 
part removal directions is not of interest, and so on. They are also 
valuable as starting points for both understanding a related heuristic 
and a basis for future DLBP heuristics. 
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Also, many other general-purpose heuristics, metaheuristics, 
and search algorithms exist and may be applied to the DLBP. These 
include: best-first search, A* search algorithm, artificial bee colony 
algorithm, artificial immune system, culture algorithm, differential 
evolution algorithm, ejection chain algorithms, extremal optimiza- 
tion, firefly algorithm, foraging algorithms, glowworm swarm opti- 
mization, greedy randomized adaptive search procedure, harmony 
search, honeybee algorithm, hyper-heuristics, local search, memetic 
algorithm, particle swarm optimization, path re-linking, random 
optimization class of algorithms, random restart hill climbing, 
reactive search optimization, scatter search, simulated annealing, 
stochastic diffusion search, strategic oscillation, tabu search, and 
variable neighborhood search, among others. It should be noted 
that, among various criticisms of metaheuristics, the "no-free-lunch 
theorem" says that each optimization algorithm will perform, on 
average, no better than any other over the set of all possible mathe- 
matical problems. 



21.4 Probabilistic Disassembly-Line Balancing 

Probabilistic assembly-line balancing provides a foundation for some 
of the issues faced, models used, and solution methods considered 
for application to disassembly-line balancing. Probabilistic assembly 
lines traditionally consider task times to be the stochastic element. In 
these models, the task times are described by random variables that 
may or may not follow a probability distribution. 

Elsayed and Boucher (1994) review two models of stochastic 
assembly lines where (1) task times follow a Gaussian distribution 
with known means and standard deviations (referred to as the 
"known distribution" case), and (2) task time distributions are 
unknown, though their means and standard deviations are (referred 
to as the "distribution free" case). 

The first model is a modification of the Moodie- Young method. 
The first phase of Moodie- Young is basically a first-fit-decreasing 
(FFD) algorithm and is referred to as the largest candidate rule (the 
second of the two phases of the deterministic version then attempts 
to distribute the idle times equally between workstations). This rule 
allocates tasks to a workstation sequentially from largest to smallest 
times (and accounting for precedence). In the known-distribution 
case, an acceptable probability of exceeding the cycle time is first 
determined. Tasks available for assignment to a workstation are then 
sequentially evaluated based on each task's probability (calculated 
using Gaussian tables) that the station time will not exceed the cycle 
time if it is added to the workstation. If the considered task's calcu- 
lated probability is less than a predetermined threshold, it is added. If 
no task meets this criterion, a new workstation is created. This contin- 
ues until all tasks are assigned to a workstation. 
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The second model is a modification of the first. The distribution-free 
case is structured the same as the known-distribution case; however, 
Chebyshev's inequalities — rather than Gaussian tables — are used for 
estimating the probability that a station time will exceed the cycle time. 

Queueing theory is also commonly used to model and to provide 
analysis of stochastic assembly lines. This field of study is equally 
applicable to disassembly lines. (Chap. 29 provides an overview of 
queueing theory.) 

Stochastic DLBP research efforts also include the use of a collab- 
orative ant colony optimization algorithm (Agrawal and Tiwari, 2006) 
for balancing a stochastic, mixed-model, U-shaped disassembly line. 



21.5 Probabilistic Disassembly-Line Data 

While the A Priori benchmark data set has not been designed with sto- 
chastic part removal times in mind or for use with an unpaced (e.g., job 
shop) scheduling model, these items can be addressed in several ways. 

It is recognized that the work-sampling operations required to 
define the standard deviation of stochastic task times on an assembly 
line can be excessively time consuming (Tiacci et al., 2003). Tiacci et al. 
studied the significance of the task times' standard deviation on the 
performance of the system model in order to determine if it is worth 
collecting enough data to calculate the standard deviation. Ultimately, 
they proposed a methodology for performing assembly-line balancing 
with a reduced set of data by using the means of the stochastic task 
times as the sole inputs (i.e., without their standard deviations). 

The A Priori benchmark (Chap. 10) could also be used in this 
fashion by setting E[x] = \i = x and a 2 = Vx e |PRT t ). This would be 
applicable in other cases, including those where use of probabilistic 
data is performed purely deterministically (e.g., by assigning the 
deterministic average-case or worst-case part removal time to the 
problem) or effectively deterministically (e.g., calculate the lowest 
probability of any candidate task exceeding the cycle time based 
upon each candidate's means and variances then assign the task with 
the best discrete mean value; Elsayed and Boucher, 1994). 

Alternatively, the stochastic part removal time could be repre- 
sented deterministically as being within some multiple of a; for 
example, if a part's removal time were given by a normal distribu- 
tion, this time could be represented deterministically as being within 
lcr, 2o", 3o~ (68.27, 95.45, or 99.73 percent, respectively) or some other 
tolerance of interest. 



21.6 Future Research Directions 

While much has been accomplished in the DLBP area, a great deal 
still remains. Many concepts for future research efforts have been 
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suggested throughout Part II and some additional ones are 
described here. 

Though the objectives used in Part II allowed for defining the 
DLBP and provided different methodologies with the ability to solve 
the DLBP quantitatively, these newly-defined criteria and their asso- 
ciated formulae are not all encompassing; other evaluation criteria, 
including tool-type required to remove a part, could be researched 
and defined. 

It may be of interest to vary the multicriteria ordering of the objec- 
tives; two possibilities include a reordering of the objectives based on 
expert domain knowledge, and a comparison of all permutations of 
the objectives in search of patterns or unexpected performance 
improvements or decreases. 

While the multicriteria decision-making approach used here 
made use of preemptive goal programming, many other methodolo- 
gies are available and should be considered to decrease processing 
time, for an overall or selective efficacy improvement, or to examine 
other promising methods including weighting schemes. 

Per Sec. 21.3, other types of combinatorial optimization method- 
ologies might show interesting results when applied to the DLBP; 
techniques such as tabu search and particle swarm optimization 
could be used on the included DLBP instances. 

The four-problem instances provide a variety of data sets differing 
in size, number, and type of precedence constraints; product applica- 
tion; and intended use; however, consideration should be given to 
developing other DLBP-specific data sets including those from actual 
problems as well as specially designed experimental benchmarks. 

While this book made use of a variety of heuristics and metaheuris- 
tics, subsequent research could consider optimal solution-generating 
methodologies including integer programming, branch-and-bound, 
and dynamic programming. 

All of the part removal times in Part II of this book were deter- 
ministic; although use of probabilistic data is often performed purely 
deterministically (e.g., by assigning the deterministic average-case or 
worst-case part removal time to the problem) or effectively determin- 
istically (e.g., calculate the lowest probability of any candidate task 
exceeding the cycle time based upon each candidate's means and 
variances then assign the task with the best discrete mean value, 
Elsayed and Boucher, 1994), actual part removal times on a disassem- 
bly line may be more accurately represented probabilistically so a 
study making use of this type of data is warranted (with an under- 
standing of the comments in Sees. 4.3 and 21.4, and the work of Tiacci 
et al., 2003). 

Per the previous recommendation, development of data sets with 
probabilistic part removal times is necessary (Sec. 21.5). 

Many of the combinatorial optimization methodologies can be 
run separately on stand-alone machines, searching different areas of 
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an instance's search space; this is especially timely with the advent of 
distributed computing and as such, a study of the use of distributed 
computing (or some similar hardware and software technology) 
using some of the applicable methodologies could be of value. 

It may be of interest to make use of the promise of H-K in generat- 
ing uninformed solutions from throughout the search space through 
the use of H-K as a first phase to adjacent element hill-climbing or to 
hot start a genetic algorithm. 

Throughout this part of the book, complete disassembly was 
typically assumed; while this is of great theoretical interest (since it 
allows for a worst-case study in terms of problem complexity and it 
provides consistency across the problem instances and methodolo- 
gies), in practical applications it is not necessarily desired, required, 
practical, or efficient — additional studies could consider allowing 
for incomplete or partial disassembly. 

Per the prior recommendation and an earlier one, different mul- 
ticriteria ordering of the objectives could simplify the determination 
of the optimal level of incomplete disassembly; for example, if the 
main objective is to remove several demanded parts of a product 
containing hundreds of parts, by making the demand measure a 
higherpriority objective than the balance, it may be found that these 
parts can be removed relatively early on in the disassembly process 
thereby allowing the process to terminate significantly earlier in the 
case of partial disassembly. 

Finally, application of this book's research results and compari- 
son to the performance on an actual disassembly line may be of interest 
in a more applied study. 

This concludes some suggestions for future research. In addition 
to the items listed above, any further developments and applications 
of recent methodologies to the DISASSEMBLY LINE BALANCING 
PROBLEM that will help to extend the focus area of the research may 
be appropriate. 
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CHAPTER 



Overview of 
Additional 
Disassembly-Line 
Related Problems 



.1 Introduction 

Part III of the text provides a review of problems that are directly 
related to the disassembly line but do not involve balancing the 
line. Some of these problem areas are quite closely related to line 
balancing, such as the determination of part removal sequences 
and the evaluation of lines that are — intentionally or otherwise — 
unbalanced. Others are more peripheral, such as product design 
and inventory. 

This chapter presents an overview of disassembly-line research 
that is not directly related to balancing the line (which is covered in 
Part II). Section 22.2 introduces the mathematical models used in 
these additional disassembly-line problems. Section 22.3 considers 
the computational complexity of disassembly-line problems, which 
dramatically affects the ability to solve these problems optimally as 
well as the choice of methods available. Section 22.4 lists some avail- 
able case studies, while Sec. 22.5 reviews the variety of solution 
methodologies used in these problems. 

Part III of this book covers the following: designing new prod- 
ucts with end-of-life processing in mind (Chap. 23), the design of 
the disassembly facility and the line itself (Chap. 24), part removal 
sequencing and scheduling (Chap. 25), demanded-part inventory 
(Chap. 26), just-in-time (Chap. 27), revenue (Chap. 28), and 
unbalanced disassembly lines (Chap. 29). 
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22.2 Mathematical Models 

The variety of additional disassembly problems requires a wide range 
of modeling techniques. These models encompass operations research 
and management science, closed-form expressions (i.e., not requiring 
numerical methods or computer simulation to solve), heuristics, lin- 
ear programming, queueing theory, inventory theory, and simula- 
tion. In addition, some are direct applications without modification, 
while others are extensions having varying degrees of complexity, 
and still others are almost completely original techniques. 

Designing new products for disassembly (Chap. 23) is addressed 
using measures of the ease of disassembly. Designing products for 
assembly has been an obvious attribute of all items of any manufac- 
turing significance since the earliest tools and weapons. Including 
disassembly has truly only been considered in the cases of items with 
long lifespans undergoing remanufacturing; primarily in the aero- 
space and defense sector. Even here, however, designing for remanu- 
facturing is not necessarily the same as designing products for 
disassembly and disposal at their end of life, especially with hazard- 
ous part and demanded part considerations. Product design can be 
modeled using indices to quantify the desirability of various product 
and part characteristics. 

The design of the disassembly facility and of the line itself shares 
many attributes with assembly facilities and details of these are pro- 
vided (Chap. 24). One of disassembly's unique characteristics is the 
likelihood that the line will be used to disassemble more than one 
product (or one product that may have been modified or damaged 
during its useful life or in transport and hence is no longer a duplicate 
of the other products on the line). Facility and line design are often 
qualitative exercises, though equations providing evaluation metrics 
for line design are provided here as well. 

The reviewed part removal sequencing and scheduling problems 
focus on the general rules that are used in this area (Chap. 25). 
Sequencing and scheduling problems have also been formulated as 
linear programming, mixed integer programming, and integer pro- 
gramming models. Also, if stochastic part removal times are used, the 
system is then modeled using queueing theory. 

Demanded-part inventory models (Chap. 26) range from general 
inventory theory formulations (e.g., the economic order quantity 
model), to ordering-rules and algorithms (e.g., material requirements 
planning), to disassembly-unique models such as the disassembly-to- 
order model (formulated as an integer programming model). 

The just-in-time approach to demanufacturing (Chap. 27) has 
been applied in several ways. One methodology uses the just-in- 
time equations and model structure as is. This is effective in provid- 
ing a fundamental understanding of the made-to-order or "pull" 
system and its disassembly-related challenges, as well as allowing 
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for some simplified analysis and just-in-time line design. A more 
promising technique uses multiple kanbans to address the disas- 
sembly-unique uncertainties in product arrival, part demands, 
inventory fluctuation, and production control mechanisms. The 
result, however, does not lend itself to closed-form analysis, and 
necessitates analysis through the use of simulation. Both models 
make use of problem-specific equations. 

When revenue is a study's primary consideration (Chap. 28), the 
model can be formed using mixed integer programming. 

Unbalanced disassembly lines (Chap. 29) are often used when the 
part removal times are stochastic. In this case, it has been found that 
intentionally unbalancing a line can result in a more efficient and pre- 
dictable line, making it less likely that cycle times will be exceeded. The 
models used for this type of problem come from the field of queueing 
theory. As such, they allow for a detailed analysis of the line, but in 
general do not directly provide an optimal solution of any type. 



22.3 Computational Complexity 

The variety of disassembly-line models can then be viewed from a 
complexity perspective. The study of each problem's computational 
time complexity is a factor in the types of solution methodologies that 
are justifiable and which may be subsequently applied, as well as the 
likelihood of obtaining an optimal solution. Of the problems consid- 
ered in Part III, many again exhibit NP-complete characteristics and 
associated complexities and solution approaches (Chap. 6). Other 
problems, however, are solved to optimality, are described by closed- 
form equations, or are only addressed through an analysis perspective. 
The complexity of each type of problem is considered individually in 
this section. 

As a set of indices, designing new products with end-of-life pro- 
cessing in mind is not an NP-complete problem and can therefore be 
addressed in a straightforward manner through the generation of the 
index values. 

This is not the case for many facility location problems and line 
layout problems. These problems are both NP-complete [many loca- 
tion problems are related to the TRAVELING SALESPERSON 
PROBLEM (TSP) and many layout problem are similar to KNAP- 
SACK], though facility layout problems can often be efficiently 
addressed with heuristics due to the limited options in an actual 
application. In addition, the facility location and line layout exam- 
ples presented in Chap. 24 do not have NP-complete complexities 
since they are focused on qualitative evaluation of the facility or on 
the calculation of line performance metrics. 

Optimal sequencing and scheduling are well known as being 
NP-complete problems. By their nature, rules (i.e., algorithms) for 
sequencing and scheduling are not. In addition to rules, in Chap. 25 
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stochastic part removal times are discussed, as well as general 
sequencing and scheduling formulations. The analysis of stochastic 
part removal times is not NP-complete, as queueing formulations are 
used. General sequencing and scheduling tends to be NP-complete, 
with representations often being in the form of an integer program- 
ming model. 

Inventory theory makes use either of rules (where generating a 
solution would not be an NP-complete problem) or of first- or higher- 
order equations that can typically take advantage of optimization 
using calculus (due to the continuous nature of order-size versus 
time). Some disassembly models are an exception to these cases; the 
disassembly-to-order system is structured as an integer program- 
ming model and can therefore be expected to be NP-complete. 

When considering a just-in-time model, though the multiple 
kanban version used in disassembly is complex enough to require 
analysis using simulation, since basic just-in-time models are a collec- 
tion of rules defined by equations, they are not NP-complete. 

Since the disassembly revenue problem is formulated as a mixed 
integer programming model, it is therefore expected to be NP-complete. 

Consideration of unbalanced lines is not an NP-complete problem 
since it is modeled using queueing theory. 



22.4 Case Studies 

Case studies and data sets are an essential component in studying the 
disassembly line and its associated problems. While the number and 
variety of data available is relatively limited, there are case studies 
and data sets that exist in addition to those presented in Chap. 10. For 
example, O'Shea et al. (1999) provide a commercial washing machine 
valve as a product component for disassembly. Wang et al. (2003) 
make use of a nine-part wheel support assembly as well as a 16-part 
driver assembly. Both examples include part removal direction infor- 
mation. Hong and Cho (1997) provide case studies including an elec- 
trical relay and an automobile alternator. Lapierre and Ruiz (2004) 
present a case study of an appliance. Li et al. (2010) make use of a 
10-part gear reduction assembly. Other data for the disassembly of 
different types of products includes vehicles (Kazmierczak et al., 
2005, 2007), electronics (Kuo, 2000; Scholz-Reiter et al., 1999), and 
consumer appliances (Kara et al., 2006; Uhlmann et al., 2004). 

Other texts can also provide various data for use in different dis- 
assembly studies. Lambert and Gupta (2005) provide many other 
product examples, including the box with lid, strongly connected 
four-component product, intermediate state and nonmonotone prod- 
ucts (six examples), toaster, noncontact coherent product, topologi- 
cally unconstrained /geometrically constrained product, ballpoint 
pen, and so on. 
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Finally, the case studies presented in Chap. 10 are easily extended 
to other types of disassembly problems, especially those that deal, 
either directly or indirectly, with sequencing and scheduling. In addi- 
tion, many case studies and data sets from the area of assembly- 
line balancing can be used as is or extended, as can those from related 
problems (e.g., KNAPSACK, BIN PACKING, CUTTING STOCK, 
packing problems). 



22.5 Analytical and Solution Methodologies 

The methodologies used to address each of the problems in Part III 
are dependent on how they are modeled and their computational 
complexity. 

The design of new products with end-of-life processing in mind 
makes use of a set of defined indices, which are calculated for different 
products being disassembled on an established line. These indices 
quantify how compelling a competing product design is when consid- 
ering disassembly. 

The facility problems described in this part of the text are primarily 
qualitative, weighing a variety of options. The line design consider- 
ations make use of simple equations to provide a metric for gauging 
the performance of different line options. Other line and facility layout 
problems are often addressed using heuristics that iteratively try 
different layouts in search of a desirable configuration. 

Chapter 25 introduces popular rules for designing a sequence, 
including the shortest-processmg-time-first rule and the earliest-due-date 
rule. Established queueing theory formulations are used to provide a 
quantitative analysis of disassembly lines having stochastic part 
removal times. Other models make use of simplex (for schedules that 
are set up as a linear programming model) or other techniques such 
as branch-and-bound (for the integer or mixed integer programming 
models) for obtaining a solution. 

Where part demand can be modeled using traditional inventory 
theory — such as the economic order quantity model, material require- 
ments planning, and so on — these equations or algorithms are applied. 
In some new areas, such as disassembly-to-order, their structure 
requires the use of branch-and-bound or some other integer program- 
ming heuristic in order to generate a solution. 

Where just-in-time does not exclusively make use of associated 
rules and calculations, simulation is used as an analysis tool. 

As is the case with other mixed integer programming models, the 
disassembly revenue problem makes use of some type of general- 
purpose heuristic (such as branch-and-bound) or a problem-specific 
heuristic. 

Finally, analysis of unbalanced lines can be performed using 
established queueing theory equations. 
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CHAPTER 



Disassembly-Line 
Product Planning 



1 Introduction 

While products are frequently designed for ease of assembly, there is 
growing need to design new products that are equally efficient at 
being disassembled later. Disassembly possesses considerations that 
add to its complexity when compared to a traditional assembly line, 
including treatment of hazardous parts and a used-part demand that 
varies between components. Section 23.2 provides an overview of 
research directed at designing products for disassembly. Section 23.3 
uses the DISASSEMBLY LINE BALANCING PROBLEM (DLBP) 
measures as metrics for quantitatively comparing competing new- 
product designs for end-of-life disassembly on a reverse-production 
line. It also includes a case study consisting of three design alterna- 
tives of a consumer electronics product that is analyzed to illustrate 
application of the metrics. Section 23.4 provides an overview of some 
additional research, while Sec. 23.5 summarizes the chapter. 



2 Sustainable Product Design Overview 

Graedel and Allenby (1995) suggest that a product's design has the 
highest influence on the product's life cycle and list design as being 
the first priority toward the greening of products. In order to assess 
the environmental impact of a product, green design must take into 
consideration each stage of that product's life cycle. To connect both 
ends of a product's life cycle, its design must not only satisfy func- 
tional specifications and be easy to assemble, but should also lend 
itself to disassembly as well as possessing a host of other end-of-life 
attributes. This has led to the emergence of concepts such as design 
for environment, design for disassembly, planning for disassembly, 
and design for disassembly. 

Numerous analysis tools have been developed to assist or evalu- 
ate different aspects of product design. Ishii et al. (1994) developed a 
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methodology to design a product for retirement using a hierarchical 
semantic network that consists of components and subassemblies. 
Navin-Chandra (1994) presented an evaluation methodology for 
design for disassembly and then developed software that optimizes 
the component-recovery plan. Subramani and Dewhurst (1991) inves- 
tigated procedures to assess service difficulties and their associated 
costs at the product design stage. They use a serviceability metric to 
provide an overall rating of a product's design as compared with its 
expected lifetime servicing costs. Isaacs and Gupta (1997) developed 
an evaluation methodology that enables an automobile designer to 
measure disassembly and recycling potential for different automo- 
bile designs using goal programming to analyze the trade-off between 
the profit levels of disassembling versus shredding. Johnson and 
Wang (1995) used a disassembly tree for designing products that 
enhance material-recovery opportunities. Their technique employs 
selective disassembly of a product by performing a profit/loss analy- 
sis on various combinations of components. Vujosevic et al. (1995) 
have studied the design of products that can be easily disassembled 
for maintenance. Torres et al. (2004) reported a study for nondestruc- 
tive automatic disassembly of personal computers. 

Quantifying the merits of different product designs allows manu- 
facturers to intelligently plan for a wide variety of potential future con- 
tingencies. In this chapter a method to quantitatively evaluate product 
design alternatives with respect to the disassembly process is demon- 
strated. A product design can make a significant difference in the prod- 
uct's retirement strategy. As it is not uncommon for a designer to be 
faced with the dilemma of choosing among two or more competing 
design alternatives, a product designer may wish to place equal impor- 
tance on designing products that accommodate disassembly, reuse, 
and recycling, in addition to a product's appeal and functionality. 



23.3 New-Product Design Metrics for Demanufacturing 
23.3.1 Design Metrics for End-of-Life Processing 

The measures from Chap. 8 can be used as design-for-disassembly 
metrics. Their values then provide quantitative end-of-life product 
disassembly-related performance measures that allow for comparing 
multiple, competing product designs. Also, here, as in Chap. 8, the H, D, 
and R metrics form the three basic prototypes of any additional end-of- 
life processing design evaluation criteria; these three different models 
are then the basis for developing differing or additional metrics. In 
addition, the efficacy index is also applied. For this problem, how- 
ever, it is slightly modified to optionally account for the best-case and 
worst-case design options. That is, the efficacy index is now more 
broadly defined as the ratio of the difference between a calculated 
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measure x and its worst-case measure x . to the difference between 

worst 

the best-case measure % best and the worst-case measure as given by 



EI 



100- 



(23.1) 



This generates a value between and 100 percent, indicating the per- 
centage of optimum for any given measure and any given design being 
evaluated. This new formulation allows for calculation using best-case 
and worst-case design options instead of the theoretical bounds given 
in Chap. 8. 

23.3.2 Case Study 

Product data consists of the personal computer instance from Sec. 11.2. 
A simple extension to this data clearly illustrates the methodology. 
Using, for example, the assumption that parts 3 and 7, and parts 5 
and 6 have the same footprints and are completely interchangeable 
(as a result, only the precedence is ultimately affected in this example), 
three design versions of this product are considered: A, B, and C. 
Design A is reflected in Table 11.1, design B swaps parts 3 and 7 in 
Fig 11.1, while design C swaps parts 5 and 6. The Greedy/AEHC 
hybrid from Chap. 17 is used to generate the numerical results. 

23.3.3 Results and Analysis 

The Greedy/ AEHC hybrid generated the sequence (1, 5, 3, 6, 2, 8, 7, 4) for 
design A, (1, 7, 5, 6, 2, 8, 3, 4) for design B, and (1, 6, 2, 5, 3, 8, 7, 4) for design 
C with the metrics shown in Table 23.1 (best-case values are bold). 

The bound formulations are used to calculate the case studies 
upper and lower theoretical bounds as seen in Table 23.2. These 
values are used along with the values in Table 23.1 to provide the 



Case 


NWS 


Vf 


H 


D 


R 


A 


4 


5.74 


7 


19,025 


6 


B 


5 


31.45 


2 


20,570 


5 


C 


4 


6.71 


7 


18,845 


6 



Table 23.1 Personal Computer Instance Metrics for 
the Three Design Alternatives 



Bound 


NWS 




H 


D 


R 


Upper 


8 


64.23 


8 


21,915 


7 


Lower 


4 


5.50 


1 


16,470 


3 



Table 23.2 Upper and Lower Metric Bounds for the 
Personal Computer Instance 



CO 



Case 


^NWS 










^NWS 










A 


100% 


100% 


0% 


89.6% 


0% 


100% 


99.6% 


14.3% 


53.1% 


25% 


B 


0% 


0% 


100% 


0% 


100% 


75% 


55.8% 


85.7% 


24.7% 


50% 


C 


100% 


96.3% 


0% 


100% 


0% 


100% 


97.9% 


14.3% 


56.4% 


25% 



Table 23.3 Efficacy Index Metrics Calculated Using the Best and Worst of the Three Alternatives (Center 
Column) and the Upper and Lower Theoretical Bounds (Right Column) 
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efficacy indices (Table 23.3) as compared to the best and worst 
values provided by the alternative designs as well as when com- 
pared to the theoretical values. 

If minimizing the number of workstations is the priority then 
designs A and C are equally acceptable. If balancing the workstations 
is the goal, design A is the preferred option. In the case of removing 
the hazardous part as quickly as possible, design B is the preference 
since the sole hazardous part is removed in the first workstation as 
opposed to the last workstation in the other two designs. When con- 
sidering the rapid removal of demanded parts, all are quite close, 
with the preference given to design C. Finally, design B provides a 
marginal improvement in minimizing the number of part removal 
direction changes encountered. 

Also, due to the size of the case-study product and the short 
40-second cycle time, if all metrics are considered by the designer, 
design A or B would most likely be chosen since an equitable balance 
and the savings of an entire workstation (20 percent less than the 
alternative) may outweigh any desire to remove hazardous or 
demanded parts earlier in the short 2-minute and 40-second disas- 
sembly sequence. 

While this small example with minimal alternatives (i.e., eight 
parts and only differing in the precedence of two parts) is used here 
to clearly illustrate application of the metrics, products with a greater 
number of parts, the use of additional metrics (i.e., the prototypes), or 
a larger number of design options — all of which would be expected 
in real-world applications — provides a wider range of metric values, 
enabling designers to quantitatively measure a variety of end-of-life 
parameters prior to committing to a final new-product design. 



23.4 Additional Design-for-Disassembly Studies 

A technique for analyzing the design efficiency of electronic products 
is documented in Veerakamolmal and Gupta (1999). Design efficiency 
is measured using an index which is based on the product's disas- 
sembly tree. The cost considerations used by this analysis include 
disposal and disassembly costs, while the benefit is derived from the 
sales of recovered components and materials for reuse and recycling 
revenue. In order to judge if one design is better than another, the 
benefit from retrieving a set of components can be weighed against 
the cost of disposing of the remains (e.g., a chosen set of reusable 
computer components may include the motherboard and hard drive, 
with the rest of the components slated for recycling or disposal). To 
compare the merits of two or more designs, not only is it desirable to 
evaluate the feasible permutations of parts, but it may also be of value 
to find the permutation with the highest cost-benefit ratio (this 
requires that all permutations be listed and enumerated with respect 
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to the cost-benefit functions). Veerakamolmal and Gupta's proposed 
cost-benefit objective function (in terms of revenue) to be maximized 
consists of the sum of four terms: total resale revenue, total recycling 
revenue, total processing cost, and total disposal cost. Veerakamol- 
mal and Gupta (1998) also present an earlier mathematical program- 
ming model for product disassembly and recycling, while Lambert 
and Gupta (2002) build on this research. Arola et al. (1999) discuss the 
impact of plastic selection in product design and provides an over- 
view of three different plastic-sorting methods and technologies 
applied to an economic case study of recovering plastic from deman- 
ufactured consumer electronics. 



23.5 Summary 

Disassembly of end-of-life products is becoming more prevalent for 
various combinations of legal, public relations, and financial reasons. 
Designing products with the expectation of end-of-life disassembly 
can lead to efficiencies that can minimize future costs and potentially 
increase future profits. Rather than take an intuitive or qualitative 
approach to design-for-disassembly, metrics can provide compelling 
data for the selection of one design over another. The metrics demon- 
strated here also provide a measure of goodness, showing not only 
that one design is more efficient during disassembly than another, 
but in what areas of interest and by how much. This allows a design 
decision maker to make trade-offs where one design may be quanti- 
tatively preferable, but not by a significant enough margin to justify 
some other trade-off. 



CHAPTER 



Disassembly-Line 
Design 



24.1 Introduction 

Disassembly-line design is addressed in this chapter in two ways — 
location of the facility and the internal layout of the facility. 
Section 24.2 provides a background in the broad field of facilities 
engineering, including much of the commonly used terminology. 
Section 24.3 provides a qualitative overview of the wide range of 
considerations, options, and algorithms and associated software used 
in locating and laying out a facility. Section 24.4 provides a design for 
a mixed-model disassembly line. The formulations from Part II are 
used in Sec. 24.5 as metrics for comparing different line designs. 



24.2 Background 

The discipline of facilities engineering encompasses a variety of func- 
tions that focus on the design, construction, and maintenance of 
facilities (while summarized here, see Defense Acquisition University, 
2009a for a detailed overview). Facilities provide the necessary 
shelter and work spaces to support the assigned production (or 
end-of-life) tasks. 

Facilities engineering is a multidisciplinary process that involves 
all facets of life cycle management, from planning through disposal. 
A first step is determining the facility requirements. Specific require- 
ments differ depending on production, storage, and support needs. 
Also, the product must be compatible with the facilities and vice 
versa. 

The facilities engineering tasks are typically performed by facili- 
ties engineers. Facilities engineers perform various functions related 
to facilities engineering planning, real estate, engineering and con- 
struction, environmental engineering, and general support. 
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24.2.1 Facilities Engineering Planning 

Facilities engineering planning requires knowledge in environmental 
planning, functional and operational planning, encroachment plan- 
ning, facilities planning for production systems, and traditional plan- 
ning. Traditional facilities planning includes scenario planning, land 
use planning, requirements generation, facilities planning (also 
known as small-area planning), transportation planning, demo- 
graphic analysis, and constraints analysis, as well as acting as a polit- 
ical and community liaison. 

24.2.2 Real Estate 

The facility real estate professionals are accountable for real and per- 
sonal property. Real estate professionals plan, organize, monitor, and 
manage real estate activities. They also issue, execute, manage, renew, 
supplement, oversee, or revoke real estate documents. Real estate 
actions can include appraisals and cartography, acquisition of facili- 
ties and lands, use of property by other entities, management of title, 
utilization of space, and disposal of property. 

24.2.3 Engineering and Construction 

Engineering and construction includes identifying, establishing, 
organizing, or implementing facility-acquisition objectives and poli- 
cies. It also encompasses developing specifications, performing cost 
analysis, establishing project budgets, accomplishing design and 
engineering services, administering contracts, and managing the con- 
struction. Engineering and construction personnel are involved with 
all planning, organizing, directing, monitoring, management, and 
oversight during the facility's life cycle. They may also take an active 
role in acquisition strategy development as well as having technical 
responsibilities during the initial planning process. 

24.2.4 Environmental Engineering 

There are two components of environmental engineering that are 
relevant to facilities; these two distinct aspects are facilities environ- 
mental engineering and product environmental engineering. These 
sensitive areas can involve legal requirements as well as the potential 
for criminal liability. 

24.2.5 Support 

Support personnel manage the workers, materials, equipment, and 
contracts necessary to sustain the facility. This requires expertise in 
planning, design, scheduling, procuring, real property maintenance 
and repair, minor construction, and uninterrupted operation and dis- 
tribution of utility systems. Support efforts may also include provid- 
ing guidance, counsel, and direction to managers and technicians. 
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Personnel should be knowledgeable in budget formulation and exe- 
cution, cost and performance metrics, material acquisition and man- 
agement, and contract administration. 

24.2.6 Life Cycle Considerations 

The primary phases in the life cycle of a facility are planning, design, 
construction, sustainment, and disposal. 

The planning phase includes master planning, real estate acquisi- 
tion, project scoping, criteria and standards identification and devel- 
opment, environmental assessment, and documentation. 

The design phase of facilities engineering includes an integrated 
architectural and engineering concept that supports the functional 
requirements and needs of the user. The two primary methods for 
producing the facility are design-bid-build and design-build. Design- 
bid-build is more traditional and employs a solicitation for con- 
struction bids (or proposals) based upon fully designed plans and 
specifications. The design-bid-build process consists of three phases. 
The design phase involves the production of contract documents in 
the form of plans (i.e., blueprints) and specifications. The plans and 
specifications may be prepared by in-house engineers and architects, 
or by private architectural and engineering firms. The design phase is 
completed with the production of the contract plans and specifications. 
In the bid phase, construction contractors compete for the construction 
of the facility by submitting bids. The construction contractors base 
their bids on the contract plans and specifications developed in the 
design phase. The bid phase is completed with the award of a construc- 
tion contract. The build phase involves the actual construction of the 
facility. Design-build is gaining more use and utilizes a solicitation for 
the design and the construction in one contract based upon require- 
ments identified in the planning phase. This process also involves the 
production of a contract document, but that contract document is in 
the form of a request for proposal (RFP). The RFP can be developed by 
in-house engineers and architects, or by a private architectural and 
engineering firm. Once the RFP is completed, design-build firms com- 
pete for the contract by submitting proposals. The design-build contract 
is awarded to the firm whose proposal best meets the requirements of 
the RFP, and offers the "best value" facility. An important consideration 
in determining the best value proposal is the overall life cycle cost of the 
facility after careful evaluation of the proposed design. 

The construction phase is overseen by facilities engineering and 
may include construction, modernization/ renovation, and major 
repairs. The role of facility engineering in construction falls primarily 
into either contract administration or quality management. Construc- 
tion contract administration comprises the activities performed to mon- 
itor and enforce contract compliance. It includes managing contract 
funds, performing labor-related activities, preparing and processing 
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contract modifications, resolving disputes, enforcing safety and 
warranty requirements, managing contract schedules, preparing con- 
tractor performance evaluations, and conducting preconstruction, 
prework, and safety conferences. Construction quality management 
is defined as the quality control and assurance activities instituted to 
achieve the quality levels established by the contract requirements. 
Quality control is the construction contractor's system for managing, 
controlling, and documenting the activities of the contractor, supplier, 
and subcontractor in order to comply with the contract requirements. 
Quality assurance is defined as the company's system that is in place 
to monitor the quality control efforts of the construction contractor. 

In the total life of a facility, sustainment is the longest phase due 
to the life expectancy of buildings, which can be over 100 years. Often, 
facilities will have a different use at some point than originally 
intended. The main focus of this phase is the operation, maintenance, 
restoration, and modernization of the facility, including land, build- 
ings, structures, pavements, and utilities. Decisions made during 
planning, design, and construction can enhance or hinder the ability 
to sustain a facility. The facility owner must document how the indi- 
vidual facilities fit with the organization's priorities, determine meth- 
odologies for provision of services, provide engineering services, 
provide reliable and efficient utilities, establish effective energy man- 
agement, and meet environmental, safety, and occupational health 
requirements such as solid and hazardous waste management and 
disposal, ventilation, medical surveillance, industrial hygiene moni- 
toring, or fire suppression. 

The disposal phase occurs when a facility is no longer needed or 
is no longer fit for its intended purpose. The structure may be recon- 
figured as a different facility, transferred to another organization, 
sold, or demolished. These decisions are normally made as part of a 
recurring planning phase. 

24.2.7 Equipment Planning 

Facilities engineering includes specific considerations such as equip- 
ment installation. The construction of a facility includes the installa- 
tion of built-in equipment that is not intended to be moveable and is 
required for the operation of the facility. Loose, portable, and easily 
moved equipment is not included in the construction costs. 

If the equipment is being installed in new construction, the con- 
struction should be complete in order to allow the facility to receive 
the equipment; if the equipment is being installed in a facility that is 
not new, the equipment installation costs include both the labor and 
material to install that equipment as well as the items to support the 
equipment. Also, a facility's pollution prevention programs may 
procure and install green equipment. Green initiatives use finances 
to improve industrial processes by reducing or eliminating the 
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generation of hazardous wastes and by providing for improved 
worker safety. 

The cost of equipment procurement includes the cost of the equip- 
ment, transportation, unpacking, assembly, and testing. 

24.2.8 Scope and Funding Considerations 

Issues that affect the scope and funding for a facility include regional 
planning, utilities, environmental laws, safety and occupational 
health laws, and natural and cultural resources. These issues can 
influence the timeliness and suitability of facilities infrastructure sup- 
port and are a factor in all phases of the life cycle of a facility. 

Regional planning has become important with the arrival of a 
focus on creating a leaner, more efficient, and effective infrastructure 
that is in proper balance with an organization or an industry. In order 
to maintain this balance between a company's mission and its sup- 
porting facilities, an organization often must respond by changing its 
focus to a broader regional perspective and a more comprehensive 
regional planning approach. A well-thought-of regional planning 
process helps to optimize resources and opportunities by resolving 
facility development issues across a region. Regional planning looks 
for broader methods of satisfying infrastructure requirements includ- 
ing outsourcing, privatization, and leasing of facilities. The regional 
planning process may also include identifying potential partnerships 
for joint or shared facility use by other parts of an organization, dif- 
ferent levels of a nation's government, or academia in order to meet 
future infrastructure requirements. 

Utilities, water, and power are essential infrastructure systems. 
The infrastructure systems must provide the required utility services 
with acceptable levels of quality, quantity, and reliability. The utility 
source may be a company-owned plant or an outside utility supplier. 
Distribution systems, such as pipelines and power lines, bring the 
service from the source to individual buildings. Where the company 
does not own the plant, they must purchase utility services via ser- 
vice contracts negotiated with utility companies. A utility service 
contract typically has two main components: the commodity itself 
(e.g., water, gas) and a distribution/ delivery fee (for transportation, 
pipelines, wires, etc.). When proposing changes to a facility's use, 
consideration must be given to the impact on utility requirements. 
Increased requirements for capacity, quality, or reliability may require 
an upgrade or extension of the utility system, or additional back-up 
systems. Construction projects may be required to upgrade current 
systems or provide back-up systems. If a utility company owns the 
system, negotiations with the utility company may be required to 
obtain the necessary service improvements with the improvements 
reflected in the service contract. These infrastructure systems have 
close ties to the environmental requirements. There are normally air, 
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water, and solid waste emissions from these systems, therefore there 
is an opportunity to reduce or increase these emissions with changes 
in the facility use and the corresponding infrastructure changes. 

The body of law relevant to the environmental area is complex 
and growing, and the corresponding regulations are gradually 
becoming more stringent. A few of the more significant laws in the 
United States include the Clean Air Act; Clean Water Act; Resource 
Conservation and Recovery Act; Solid Waste Disposal Act; Compre- 
hensive Environmental Response, Compensation, and Liability Act 
(also known as the Superfund); Emergency Planning and Commu- 
nity Right-to-Know Act, SARA Title III; Safe Drinking Water Act; Pol- 
lution Prevention Act; Occupational Safety and Health Act; and 
National Environmental Policy Act. 

Finally, few facilities occupy land entirely devoid of historical 
interest or natural resources. Because historic sites can have signifi- 
cant cultural or economic implications, facilities must comply with a 
wide range of laws and regulations in this area. Responsibility for 
such compliance, which can strongly affect facility and program 
schedules and costs, falls into the realm of facilities engineering. The 
areas governed by the numerous applicable laws and regulations 
include archaeological artifacts (prehistoric and historic), historic 
buildings and structures, indigenous peoples' sites, natural land- 
marks, natural resources, and endangered species. 



3 Facility Location and Layout Overview 

Facility location and layout decisions (see Finch, 2008 for additional 
details) are multifaceted. Deciding on a facility location is the result 
of three possible scenarios: a new business (the most likely case for 
disassembly in the early part of the twenty-first century), a business 
forced to relocate for some reason, and a location that is the result of 
expansion. 

Locating a new business is often considered the most challenging 
of the three since there are more alternatives available and future 
demand has few details. The decision alternatives may start out to be 
global, but all eventually work down to a region of a country, then a 
city (town), and finally a section of the city (town). While numerous 
quantitative (e.g., transportation costs) and qualitative (e.g., employee 
quality of life) items are part of all of these decisions, two business 
inputs represent the primary considerations. These inputs — which 
may also be conflicting — are locating near inputs and locating near 
customers. The raw material consumed by a manufacturing business 
is equivalent to a final product at its end of life for a demanufacturing 
facility. In the disassembly case, locating near inputs equates to locat- 
ing near products at the end of their useful life. This consideration is 
greater when products are expensive to transport (cars, aircraft, etc. 
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at their end of life) or impossible or impractical to transport (e.g., 
buildings), and less important when transport costs are lower (cell 
phones, computers, batteries, etc.). Another input to be considered is 
employees, in terms of the following: availability, sheer numbers, 
skills, knowledge, and wages and other labor costs. Other inputs 
have to do with support of the facility itself, such as power, water (for 
washing, cooling, etc.), and other utilities and resources. The final 
product consumed by the customer of a manufacturing business is 
equivalent to the parts and / or raw materials output by a demanuf ac- 
turing facility. In the disassembly case, locating near customers 
equates to locating near users of raw materials or of specific reusable 
parts and components of end-of-life products. While location consid- 
eration is crucial for businesses such as retailers, it is less critical for 
manufacturing (or demanufacturing) facilities. Issues for these facili- 
ties are more cost related (the requirement for person-to-person interac- 
tion, e.g., does not exist in manufacturing/ demanufacturing busi- 
nesses to the extent that it does in retail). 

Some quantitative location decision-making techniques include 
multifactor rating, decision-tree analysis, and breakeven analysis 
(Finch, 2008). With the multifactor rating method, different factors are 
selected (building cost, building condition, skilled worker availabil- 
ity, etc.) and the decision-maker assigns weights (having values 
between zero and one) to each, ensuring that all of the weights sum 
to one. Each of the locations under consideration is given a score of 
between 1 and 100 in each of the areas (i.e., for each factor) and each 
of these scores is then multiplied by its corresponding weight. The 
resulting values for each location are then summed, resulting in a 
final score between 1 and 100 for each location. The location with the 
highest overall score is considered the most desirable by the multifac- 
tor rating method. While this is a quantitative process, the ratings are 
purely subjective. 

Decision-tree analysis is a decision support tool based in the tree 
diagrams as found in traditional statistics; it makes use of a graph 
known as a decision tree. A predictive model, decision-tree analysis is 
used in facility location decision-making by organizing decisions 
based upon the revenues expected to come from each alternative 
location. These revenues are each multiplied by their likelihood of 
occurrence, resulting in an expected value (also referred to as the 
expected utility) of each location. The facility location with the largest 
calculated utility would be the preferred site. 

In considering units of production versus costs, breakeven analysis 
generates a straight line for each location. Each of these lines is defined 
by the fixed and variable costs associated with that location. The 
slope of the line is determined by the variable costs (e.g., materials, 
labor, and other resources), while the line's offset is determined by 
the site's fixed costs (e.g., purchase, site improvements, and other 
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capital costs). If one or more of the lowest lines intersect, each of the 
points of intersection on the resulting lowest segments provides a 
breakeven point where more of the amount of product produced (dis- 
assembled here) would dictate selection of the subsequent location 
corresponding to the line that defines that portion of the segment. 
(If the lines do not intersect, the lowest line corresponds to the location 
with the lowest costs.) 

Once the facility's location is determined, the internal layout must 
be considered. Facility layouts can be grouped as process oriented, 
product oriented, cellular, or service (Sec. 2.4). The primary objective 
of process-oriented layouts is to locate the groups, departments, or 
equipment that interact the most, close to each other, and ones that 
don't (or those that need to be separated) further apart or as far apart 
as possible. Manual approaches and automatic approaches (such as 
that provided in CRAFT software) can be used to design the layout. 
(CRAFT starts with a matrix containing department center-of-gravity 
locations and then swaps all department pairs until no further 
improvement can be made, in search of the optimal layout.) 

Product-oriented layouts are familiar production lines (assembly 
or disassembly). While these layouts have limited flexibility, they are 
very efficient at generating high volumes of product at low per-unit 
costs. Since product-oriented layouts refer to production lines, the 
information and solution methodologies detailed throughout this 
book are generally applicable. Patterns of flow are typically classified 
as straight, serpentine, Uflow, circular, Lflow, and S flow (see Fig. 24.1). 




U Flow S Flow 



Figure 24.1 Product-oriented patterns of flow. 
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Cellular layouts are a compromise between product- and process- 
oriented layouts where a family of related products are produced in a 
cell that contains all of the tools and parts required for the entire 
assembly process. 

Service layouts are used most often in retail settings, which 
depend upon customer flows and placement of popular products 
where they are easiest to find and purchase. The layout mechanism 
may be similar to that of process-oriented layouts (which allows for a 
great deal of flexibility) or product-oriented layouts (where an effi- 
cient flow of service, rather than product parts and components, is 
desirable). 

Facility location and facility layout tools include the activity rela- 
tionship chart (commonly referred to as the "rel chart"), from-to chart, 
and isocost lines. Facility location and facility layout problems are 
often mathematically described by the NP-complete QUADRATIC 
ASSIGNMENT PROBLEM. Solution techniques include fc-opt and 
other appropriate algorithms, and the rules and associated software 
tools of CRAFT, COFAD, ALDEP, and CORELAP. Other models and 
solution methodologies include the single location, rectilinear model 
and methodology; the MINIMAX location formulation and method- 
ology; and the center of gravity method. See Finch (2008) and 
Nahmias (2009) for detailed overviews and examples. 

Ranky et al. (2003) use COMSOAL, while additional automated 
disassembly research can be seen in Kim et al. (2006a) and Scholz- 
Reiter et al. (1999). 



24.4 Mixed-Model Disassembly-Line Design 

One of the challenges posed by disassembly, which is not typically 
faced in assembly, is the frequent requirement that the facility process 
dissimilar items. A familiar example of this would be a disassembly 
line that processes consumer electronics. Consumer electronic items 
are popular, regularly disposed of (often before reaching the end of 
their functional life), varying in size, and desirous of disassembly (for 
both environmental and profit considerations). Opalic et al. (2004, 
2010) consider a disassembly job shop that handles mixed models; 
specifically both smaller consumer electronics (telephones, comput- 
ers, vacuum cleaners, microwave ovens, etc.) and larger consumer 
electronics (e.g., television sets and computer monitors). The proposed 
layout configuration consists of two, parallel unpaced lines; one for 
the smaller items and the other for the larger ones. Both lines sit on 
either side of a shared outgoing conveyor that carries the disassem- 
bled parts and components to a final sorting location. The small-item 
workstations are fed by a continuous (i.e., circular or oval) conveyor 
belt that allows workers to select similar items to disassemble at their 
workstation. The large-item workstations are fed by an overhead hoist 
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conveyor belt 

Figure 24.2 Mixed-model consumer electronics disassembly facility layout. 

and rail system in order to minimize lifting of heavy electronics items. 
These workstations also have a separate storage container for delicate 
cathode-ray tubes (as opposed to use of the common conveyor belt). 
This disassembly-specific layout for consumer electronics (see Fig. 24.2) 
is claimed to increase operator speed (by allowing for workers to 
select items for disassembly appropriate to their workstation, tools, or 
experience), minimize the number of tools required at each worksta- 
tion, reduce the risk of contamination by hazardous materials (both 
due to sorting and a reduction in breakage when using the hazardous/ 
delicate items bins), and minimize heavy lifting with the large-item- 
specific features (including the overhead hoist and rail). 



24.5 Disassembly-Line Design Metrics 

Prior to implementing any disassembly-line design, that design can 
be evaluated in a variety of ways. While many decisions will be dic- 
tated by the facility's shape, size, costs, local worker skill sets and 
availability, desired level of automation, tool or machinery footprint/ 
speed /cost, and type of product or products being disassembled, 
once these constraints are addressed there still exist line-related items 
that can be adjusted. 

The cycle time and the sequence of machines and/ or tools are two 
variables that can generally be tuned to best meet the needs of the line. 
The sequence of machines will affect the number of workstations, the 
balance of the line, when and where (in the facility) hazardous parts 
are removed, and when and where demanded parts are removed. The 
part removal direction can impact the required cycle time, the number 
of workstations, and optimal machine/tool layout; as such, a prod- 
uct's part removal directions are also a component in the design of a 
disassembly line. 
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All of these considerations lend themselves to using the existing 
DLBP formulations (Chap. 8) as metrics in evaluating different cycle 
times and workstation sequences. As long as the product or products to 
be disassembled on the line are known in advance — or can be reason- 
ably estimated — they can be used as case studies to compare different 
cycle times and / or different workstation sequences. 

Different cycle times can be expected to generate different part 
removal sequences, which will in turn potentially generate different 
NWS, F, H, D, and R values. These values can then be compared to 
allow the decision maker to select the cycle time that optimizes their 
selected metrics and associated trade offs. 

Different workstation sequences can be used to generate different 
part removal sequences. These sequences can be used to then gener- 
ate different NWS, F, H, D, and R values for comparison. Again, the 
resultant metric values can be used by the decision maker to select 
the sequence and type of workstation that best meets their disassem- 
bly and facility goals. 

Using the formulations described in Chap. 8 provides a set of 
metrics for use in quantitatively evaluating the design of a new 
disassembly-line layout. 
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25.1 Introduction 

This chapter presents a discussion of sequencing and scheduling 
problems as related to the disassembly line, and is organized as fol- 
lows: Section 25.2 presents an overview of sequencing and schedul- 
ing research as related to manufacturing. Section (25.3 provides 
details of sequencing and scheduling rules as applied to disassembly 
along with associated examples. Section 25.4 discusses the variety of 
approaches that have been taken to-date to address stochastic disas- 
sembly sequencing and scheduling. The next two sections provide 
insights into other disassembly-line sequencing and scheduling stud- 
ies. Specifically, Sec. 25.5 focuses on that research which is focused on 
sequencing for disassembly lines and Sec. 25.6 covers research that is 
most directly related to disassembly-line scheduling. 



25.2 Machine Sequencing and Scheduling Overview 

Pinedo (2002) defines a sequence as a permutation of n jobs or the 
order in which jobs are to be processed on a given machine. A sched- 
ule then refers to an allocation of jobs within the setting of machines, 
allowing possibly for preemptions of jobs by other jobs that are 
released at later points in time. Sequencing and scheduling is a well- 
studied science with many manufacturing and nonmanufacturing 
applications such as service (Nahmias, 2009 provide an overview). 
This area includes shop-floor control and machine scheduling where 
efficient sequencing rules and algorithms are sought for the typi- 
cally NP-complete problems associated with single or multiple 
machines in a manufacturing environment. Some characteristics of 
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shop scheduling include job arrival pattern (stochastic or deter- 
ministic), number of machines (one or more); flow patterns (job 
sequences fixed or variable), type of machines (identical or varying), 
metrics (the rule selected to achieve a given goal), processing 
sequences (parallel or sequential machines), flow time (time from the 
initiation of the first job to the completion of some given job), 
makespan (flow time of last completed job), tardiness (positive differ- 
ence between a job's flow time and due date), and lateness (positive 
or negative difference between a job's flow time and due date). 

Sequencing and scheduling rules include FIFO or first come first 
served (FCFS) where jobs are scheduled in the order they arrive, 
shortest processing time (SPT) which schedules the remaining job 
with the smallest processing time next (minimizes mean flow time), 
earliest due date (EDD) which schedules jobs with the earliest due 
date first (minimizes maximum lateness), critical ratio (CR) which 
schedules the job with the smallest CR (the due date minus the cur- 
rent time, all divided by the processing time) time next, Moore's algo- 
rithm (minimizes the number of tardy jobs), and Lawler's algorithm 
(used when the problem involves precedence constraints). 

Sequencing and scheduling on multiple machines is much 
more complex, though algorithms exist for n jobs on one, two, and 
three machines as well as for two jobs on m machines. These rules 
include permutation schedule (jobs are processed in the same order on 
all machines) which is the optimal solution for n jobs on two machines, 
Johnson's algorithm (for n jobs on two machines and with extensions 
to three), and Aker's graphical procedure for two jobs on m machines. 

Other sequencing and scheduling rules include next-fit, first- 
fit-decreasing, and line balancing, all of which are discussed else- 
where in this text. 

Scheduling is a subject commonly found in advanced computer 
science, where computer processor event scheduling takes advantage 
of many of the rules listed here (some of which originated in com- 
puter science rather than manufacturing and production). As such, 
there are many excellent reference texts on the subject as well as a rich 
body of ongoing research. 

Sequencing and scheduling problems are generally considered 
to be NP-complete, so problems of this type — including those in 
disassembly — that cannot be adequately addressed by the above 
rules or do not fit the listed constraints for number of machines or 
number of jobs, necessitate the use of heuristics or metaheuristics. 



3 Disassembly Sequencing and Scheduling 

Several of the successful sequencing and scheduling rules described 
in the previous section are demonstrated here using much of the data 
provided by the personal computer instance as given in Chap. 10. 
This data has once again been modified, this time for use with these 
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rules (see Table 25.1). Specifically, the hazardous part, part demands, 
and part removal direction information have been deleted, while due 
date information has been added. It should be noted that due dates 
could be selected as to be inversely proportionate to demand, giving 
high-demand parts early due dates. This is also appropriate to the 
hazardous parts, where a hazardous rating would translate to an ear- 
lier due date. Alternatively, a hazardous part rating (i.e., a number 
inversely proportionate to the level of hazard, giving a very hazard- 
ous part an early due date, or proportionate in the case where it was 
desirable to keep hazardous parts in the product as long as possible 
to avoid their potentially damaging other parts) could refine this 
beyond a simple binary yes/no value. Also, precedence constraints 
are not necessary and may not be appropriate (e.g., the goal of the 
schedule may be to schedule different products on a mixed-product 
line). Finally, for some rules it is necessary to know when a job arrives. 
In this case, it is assumed that the parts are numbered in the sequence 
at which they become accessible to the disassembler (while still con- 
sidering precedence). That is, part 1 (using the data in Table 25.1) is 
assumed to be the first accessible part, part 2 the second, and so on; 
however, even though part 4 may be accessible early on, precedence 
constraints restrict its removal until after part 7 is removed. 

These data set modifications are necessary because of the struc- 
ture of sequencing and scheduling problems. It should be kept in 
mind that while much of the work in part 3 takes place on a disas- 
sembly line (e.g., a conveyor belt), the rules in this chapter are more 
applicable to a job shop (where each job has its own, predetermined 
route to follow among machines and not all jobs require all machines) 
or a flow shop with buffers (a line where jobs can wait between 
machines or where machines may need to wait for jobs). 

Metrics that can be considered include mean flow time, average 
tardiness, number of tardy jobs, and the makespan. The flow time of 
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PRT„ 


Predecessors 


Due Date 
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Cover 


14 




20 
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Media drive 


10 
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70 
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Hard drive 


12 
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23 
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7 
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140 
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Motherboard 
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2, 3, 5, 6 


120 



Table 25.1 Knowledge Base of the Scheduling Version of the Personal 
Computer Instance 
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job k is the time from the initiation of the first job to the completion of 
job k. The mean flow time is defined as the amount of time from the 
point that the job arrives at the shop to the point that the job is com- 
pleted. Tardiness is the positive difference (or zero) between a job's 
flow time (same as its completion time) and its due date, so the average 
tardiness is the total tardiness divided by the number of jobs. (Lateness 
is similar, but can be negative rather than being set to zero.) The num- 
ber of tardy jobs is self explanatory, while the makespan is the flow 
time of the last completed job. (Note that mean flow time, mean wait- 
ing time, and mean lateness are all equivalent.) SPT minimizes the 
mean flow time, EDD minimizes the maximum lateness, and Moore's 
algorithm minimizes the number of tardy jobs. 

While extensions — beyond those introduced in the following sec- 
tions — to these rules in order to optimize them for disassembly are 
either not entirely practical or do not yet exist, these tools provide the 
basis for both applied solutions and continued research. 

25.3.1 First Come First Served 

The first-come-first-served rule is ordered by the job number. With- 
out precedence constraints (e.g., any disassembly sequence is allow- 
able, the sequence consists of selecting between multiple products, 
etc.) the FCFS solution is (1, 2, 3, 4, 5, 6, 7, 8). For disassembly of a 
product, we will also consider precedence. In this case, the solution is 
given by (1, 2, 3, 5, 6, 8, 7, 4), which can be seen in Table 25.2. The 
tardiness is the difference between the completion time and the due 
date, or zero, whichever is greater. 

With the sum of the completion times equal to 599 and the sum of 
the tardiness times equal to 44, the mean flow time is calculated to be 
599/8 = 74.88, the average tardiness is calculated as 44/8 = 5.50, and 
there are two tardy tasks. 
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Table 25.2 FCFS Solution (with Precedence) of the Computer 
Instance 
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Table 25.3 SPT Solution (with Precedence) of the Computer 
Instance 



25.3.2 Shortest Processing Time 

The shortest-processing-time rule is ordered by the size of the task time 
(smaller time tasks are performed earlier). Without precedence con- 
straints, the SPT solution is (2, 3, 1, 6, 4, 7, 5, 8). With precedence, the 
solution is given by (1, 2, 3, 6, 5, 8, 7, 4), which can be seen in Table 25.3. 

With the sum of the completion times equal to 592 and the sum of 
the tardiness times equal to 45, the mean flow is equal to 74.00 (recall 
SPT minimizes mean flow time), the average tardiness is 5.63, and 
there is one tardy task. 

25.3.3 Earliest Due Date 

The earliest-due-date rule schedules jobs based on their due date 
(earlier due date tasks are performed earlier). Without precedence 
constraints, the EDD solution is (1, 5, 3, 6, 2, 8, 7, 4). With precedence, 
the solution is the same and can be seen in Table 25.4. 
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Table 25.4 EDD Solution (with Precedence) of the Computer 
Instance 
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With the sum of the completion times equal to 631 and the sum of 
the tardiness times equal to 17, the mean flow is equal to 78.88, the 
average tardiness is 2.13, and there are three tardy tasks. EDD mini- 
mizes the maximum lateness (-9 here; -46 for both FCFS and SPT). 

25.3.4 Critical Ratio 

The critical-ratio algorithm schedules jobs based on their calculated crit- 
ical ratio. The critical ratio is equal to the job's due date minus the current 
time, all divided by the job's processing time. This gives the priority to 
the jobs with longer processing times. The disadvantage is that the CR 
calculation needs to be performed each time a job is scheduled. 

Considering only the version having precedence constraints, it can 
be seen that job 1 must be performed first. Also, jobs 4, 7, and 8 have to 
be performed in the order (8, 7, 4). Since the first job is known (job 1) the 
remaining jobs are reviewed starting at time 14 (the start time would be 
zero in the case of no precedence constraints or if the first job was 
unknown). The jobs eligible for consideration after job 1 include 2, 3, 
and 5. The critical ratios for all three can be seen in Table 25.5. 

Since the minimum CR is job 5's at 0.70, job 5 is added to the 
sequence, which now stands at (1, 5, -, -, -, 8, 7, 4). Adding job 5 adds 
30 to the time, which will now stand at 44. The eligible jobs are now 2 
and 3 (see Table 25.6). 

Since the minimum CR is job 3's at 0.50, job 3 is added to the 
sequence, which now stands at (1, 5, 3, -, -, 8, 7, 4). Adding job 3 adds 
50 to the time, which will now stand at 94. The eligible jobs are now 2 
and 6 (see Table 25.7). 

This time, there are CRs that are negative. A negative CR indi- 
cates that the job is late and must be scheduled next. In this example, 
there is more than one negative CR. Multiple late jobs are scheduled 
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Table 25.5 CR Solution (with Precedence) of the Computer 
Instance at Time 14 
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Table 25.6 CR Solution (with Precedence) of the Computer 
Instance at Time 44 
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Table 25.7 CR Solution (with Precedence) of the Computer 
Instance at Time 94 
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Table 25.8 CR Solution (with Precedence) of the Computer 
Instance 



according to SPT. (If some were positive, the negative CR jobs would 
still take precedence.) Adding job 2 and then job 6 per SPT com- 
pletes the sequence, which is (1, 5, 3, 2, 6, 8, 7, 4) and can be seen in 
Table 25.8. 

With the sum of the completion times equal to 625 and the sum of 
the tardiness times equal to 22, the mean flow is equal to 78.13, the 
average tardiness is 2.75, and there are two tardy tasks. 



4 Stochastic Sequencing and Scheduling 

While this chapter considered deterministic sequencing and schedul- 
ing, stochastic models and rules exist as well. Stochastic sequencing 
and scheduling can be either static or dynamic (see Nahmias, 2009 for 
examples). 

Static stochastic sequencing and scheduling treats the job times as 
being stochastic. This statistical treatment seeks to minimize the 
expected average weighted flow time and is performed on one machine 
or many (where the distribution of job times must be exponential). An 
additional option is the stochastic application of Johnson's algorithm. 

Dynamic stochastic sequencing and scheduling refers to jobs 
arriving randomly over time. In dynamic stochastic sequencing and 
scheduling, analysis of the mean flow time is performed using queue- 
ing theory (reviewed in Chap. 29). 
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25.5 Additional Disassembly-Sequencing Studies 

End-of-life processing researchers define disassembly sequencing as 
dealing with the problem of determining the best order of operations 
in the separation of a product into its constituent parts or other group- 
ings (Dong and Arndt, 2003; Moore et al v 1998). 

The use of mathematical programming techniques in disassem- 
bly sequence generation is a popular approach. Lambert (1999) 
presents an algorithm based on linear programming for the determi- 
nation of optimal disassembly sequences and later (2006) proposes a 
methodology based on the iterative use of binary integer linear pro- 
gramming in case of sequence-dependent costs and using a disas- 
sembly precedence graph representation. Lambert (2007) applies this 
same methodology for problems with AND/OR representations. 

Due to the combinatorial nature of disassembly sequencing, there 
is a continuing trend in the application of metaheuristics. Seo et al. 
(2001) develop a genetic-algorithm-based approach to determine the 
optimal disassembly sequence considering both economic and envi- 
ronmental aspects. Li et al. (2005) integrate a disassembly-constraint 
graph and a genetic algorithm to develop an object-oriented intelli- 
gent disassembly-sequence planner. Kongar and Gupta (2006b), Giu- 
dice and Fargione (2007), Duta et al. (2008b), and Hui et al. (2008) 
present genetic algorithms for disassembly sequencing of end-of-life 
products. Gonzalez and Adenso-Diaz (2006) propose a scatter search 
methodology in seeking the optimum disassembly sequence for com- 
plex products with sequence-dependent disassembly costs by assum- 
ing that only one component can be released at each time. Chung and 
Peng (2006) develop a genetic algorithm to generate a feasible selec- 
tive disassembly plan considering batch disassembly and tool acces- 
sibility. Shimizu et al. (2007) apply genetic programming to derive an 
optimal disassembly sequence. Reveliotis (2007) presents reinforce- 
ment learning to provide near-optimal disassembly sequences. Trip- 
athi et al. (2009) present a fuzzy disassembly-sequencing formulation 
by considering the uncertainty inherent in the quality of the returned 
products. They develop an ant-colony-optimization-based meta- 
heuristic to determine the optimal disassembly sequence as well as 
the optimal depth of disassembly. 

In some studies, heuristic procedures are developed. Giingor and 
Gupta (1997) develop a methodology to evaluate different disassem- 
bly strategies and then propose a heuristic procedure to determine 
the near-optimal disassembly sequences. Giingor and Gupta (1998) 
address the difficulties associated with uncertainty in disassembly- 
sequence planning. They present a methodology for disassembly- 
sequence planning for products with defective parts in product 
recovery. Kuo (2000) provides a disassembly sequence and cost- 
analysis study for electromechanical products during the design 
stage. Disassembly planning is divided into four stages: geometric 
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assembly representation, cut-vertex search analysis, disassembly- 
precedence-matrix analysis, and disassembly sequences and plan 
generation. The disassembly cost is categorized into three types: tar- 
get disassembly, full disassembly, and optimal disassembly. Giingor 
and Gupta (2001b) use a branch-and-bound algorithm for disassembly- 
sequence-plan generation. In Erdos et al. (2001), a heuristic is used to 
decompose the problem by discovering the subassemblies within the 
product structure and then a calculation is performed to determine 
the optimal disassembly sequence. Kang et al. (2003) propose an 
algorithm based on mini-max regret criterion to solve the problem of 
disassembly sequencing with interval profit values in the objective 
function. Mascle and Balasoiu (2003) propose an algorithm to select 
the disassembly sequence of a specific component of a product. Lam- 
bert and Gupta (2008) present a heuristic algorithm for detecting 
"good enough" solutions for disassembly-sequencing problems in 
case of sequence-dependent costs. They apply both their heuristic 
algorithm and the iterative binary integer linear programming 
method (Lambert, 2006) using the disassembly-precedence graph of a 
cell phone. Sarin et al. (2006) propose a precedence-constrained asym- 
metric TRAVELING SALESPERSON PROBLEM formulation 
together with a three-phase iterative solution procedure. Adenso- 
Diaz et al. (2008) propose a greedy randomized adaptive search pro- 
cedure and path-relinking-based heuristic methodology to solve a 
bicriteria disassembly-planning problem. Torres et al. (2003) develop 
an algorithm based upon the product representation to establish a 
partial nondestructive disassembly sequence of a product. 

Some researchers present case-based reasoning applications for 
disassembly sequencing. Zeid et al. (1997) apply case-based reason- 
ing to develop a disassembly plan for a single product. Veerakamol- 
mal and Gupta (2002) present a case-based reasoning approach for 
the automatic generation of disassembly process plans for multiple 
products. Pan and Zeid (2001) develop a knowledge base to assist 
users in indexing and retrieving disassembly sequences. 

Additional disassembly sequencing can be found in Andres et al. 
(2007), Srinivasan et al. (1999), Chung and Peng (2005), and Kim et al. 
(2006a). 



25.6 Additional Disassembly-Scheduling Studies 

Disassembly scheduling has been defined as the scheduling of the 
ordering and disassembly of end-of-life products to fulfill the demand 
for parts or components over a planning horizon (Veerakamolmal 
and Gupta, 1998). Using this inventory-theory-related definition, dis- 
assembly-scheduling problems can be categorized as uncapacitated 
and capacitated. 

For the uncapacitated case, Gupta and Taleb (1994) propose 
a material requirements planning (MRP)-like algorithm for 
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disassembly scheduling of a discrete, well-defined product structure. 
The algorithm determines the quantity and timing of the disassembly of 
a single product to fulfill the demand for its various parts. Taleb et al. 
(1997) and Taleb and Gupta (1997) extend this previous work by consider- 
ing components /materials commonality and the disassembly of multiple 
product types. Lee and Xirouchakis (2004) suggest a two-phase heuristic 
algorithm with the objective of minimizing various costs related to the 
disassembly process. In the first phase, the algorithm of Gupta and Taleb 
(1994) is used to find an initial solution; the second phase improves this 
initial solution. Barba-Gutierrez et al. (2008) extend the reverse MRP 
algorithm of Gupta and Taleb (1994) by developing a methodology which 
allows for lot sizing in reverse MRP. Kim et al. (2003) propose a heuristic 
algorithm based on linear programming relaxation for the case of multi- 
ple product types having part commonality with the aim of rninimizing 
the sum of setup, disassembly operation, and inventory-holding costs. 
Kim et al. (2006c) develop a two-phase heuristic by extending the Kim et 
al. (2003) study. The first phase involves the construction of an initial solu- 
tion using the linear programming relaxation heuristic suggested by Kim 
et al. (2003). The second phase improves the initial solution using dynamic 
programming. Lee et al. (2004) present three mteger-programming 
models for the three cases of the uncapacitated disassembly scheduling 
problem; that is, a single product type without parts commonality and 
single- and multiple-product types with parts commonality. 

For the capacitated case, Meacham et al. (1999) present an optimi- 
zation algorithm by considering common components among prod- 
ucts, and a limited inventory of products available for disassembly. 
Lee et al. (2002) develop an integer programming model with the 
objective of minimizing the sum of the disassembly operation costs 
and inventory-holding costs. However, the model requires large com- 
putation times to find optimal solutions for practical-sized problems. 
As an extension, Kim et al. (2006b) develop a Lagrangean heuristic 
algorithm to find an optimal solution for practically sized problems in 
a more reasonable amount of time, while modeling disassembly setup 
costs in the objective function. Kim et al. (2006d) propose an optimal 
algorithm for the case of a single product type without parts common- 
ality with the objective of minimizing the number of disassembled 
products. In this algorithm, an initial solution is first determined using 
Gupta and Taleb's (1994) algorithm. The feasibility of this solution is 
then checked; if the solution is not feasible, it is modified to satisfy the 
capacity constraints. Stuart and Christina (2003) define disassembly 
and bulk recycling scheduling rules based on product turnover. Rios 
and Stuart (2004) extend Stuart and Christina's work by considering 
the outgoing plastics' demand as well. In both studies, scheduling 
rules are evaluated using simulation. Brander and Forsberg (2005) 
develop a cyclic lot scheduling heuristic for the disassembly processes 
by considering sequence-dependent setups. 
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26.1 Introduction 

The application of inventory considerations to the disassembly line 
is reviewed in this chapter. With an introduction to the concepts of 
inventory theory and the detailing of several disassembly-line 
inventory models, the chapter is organized as follows: Section 26.2 
presents an overview of traditional inventory theory. Section 26.3 
introduces the disassembly-line concept of a disassembly-to-order 
system. In this section, two disassembly-to-order models are 
detailed — one with deterministic yields and the other where the 
yields are stochastic. Section 26.4 reviews some other disassembly- 
based inventory studies. 



26.2 Inventory Theory Background 

With similarities to scheduling (since it is focused on production 
schedules; i.e., when things are ordered, when they arrive, when they 
are depleted), inventory theory is often dated to F. W. Harris' 1913 
development of the economic order quantity model. Inventory theory 
is also well established as well as being applicable to the disassembly 
line. Inventory models are concerned with economic parameters, 
demand, ordering cycle, delivery lead /lag time, stock replenishment, 
planning horizon, number of supply echelons, and number of items. 

Economic parameters include setup (or ordering) costs (i.e., the 
fixed charges associated with the placement of an order or with the 
initial preparation of a production facility), purchase price (or pro- 
duction cost; only of interest when quantity discounts or price breaks 
can be applied), selling price, holding cost (or carrying cost; includes 
the interest on invested capital, storage costs, handling costs, and 
depreciation), shortage costs (includes costs due to loss in customer's 
good will and potential loss in income). Demand can be deterministic 
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or probabilistic, static or dynamic, and instantaneous (discrete) or 
over a period of time. The ordering cycle is the time period between 
two successive placements of orders and may be continuous review 
(where a record of the inventory level is updated continuously until 
a certain lower limit is reach, at which point a new order is placed) or 
periodic review (where orders are placed usually at equally spaced inter- 
vals of time). The delivery lead/lag time can be deterministic or probabi- 
listic and includes the time between the placement of an order and its 
receipt). Stock replenishment may be instantaneous or uniform, as well 
as ordered from outside or produced internally. The planning horizon is 
the period over which the inventory level will be controlled. 

Deterministic models include the economic lot size model (or the 
economic order quantity model, EOQ) with shortages allowed, EOQ 
without shortages (also known as EOQ with planned shortages), and 
EOQ with quantity discounts and no shortages. Stochastic models 
include the single-period model with no setup costs, the single-period 
model with initial stock levels (i.e., initial inventory greater than 
zero), single-period model with nonlinear penalty and holding costs, 
and the single-period model with a setup cost (the SS policy model); 
see Hillier and Lieberman (2005) for practical reviews of each. 

Each of these considerations and models has applicability to the 
disassembly line, though demand uncertainties in end-of-life pro- 
cessing have produced the most disassembly-unique research. Other 
inventory-related models and algorithms that are frequently used 
include material requirements planning, lot-for-lot production rules, 
the Silver-Meal heuristic, least unit cost heuristic, part period balanc- 
ing, just-in- time (see Chap. 27), Wagner- Whitier algorithm, period 
order quantity, and lot sizing with capacity constraints; see Nahmias 
(2009) for examples of each. 



26.3 Disassembly to Order 

The objective of disassembly-to-order (DTO) systems is the determi- 
nation of the optimal lot-sizes of end-of-life products to disassemble 
in order to satisfy the demand of various components from a mix of 
different product types that have a number of components and /or 
modules in common (Lambert and Gupta, 2002). In a DTO system, a 
demand for a remanufactured product triggers the disassembly of an 
end-of-life product. The DTO system is tasked with determining how 
many products to disassemble in order to fulfill demand. Complica- 
tions over conventional assembly-based inventory theory include the 
desire to have an alternative source of parts (and the associated hold- 
ing and other costs, as well as a potential loss of economies of scale 
due to possible small or infrequent orders or unexpectedly high or 
low demand), a level of redundancy due to a supporting new-part 
inventory system, disposal costs, disassembly of too few or too many 
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products, and larger than normal holding costs for parts that are not 
demanded as quickly, as well as all of the typical disassembly costs 
and challenges (e.g., unknown quality and quantity of demanded 
parts in an end-of-life product). The two primary areas of DTO 
research include studies having deterministic disassembly yields, 
and those having disassembly yields with uncertainty. 

The first line of research involves the heuristics developed under 
the assumption of a deterministic disassembly yield. Lambert and 
Gupta (2002) develop a method called the tree network model by modify- 
ing the disassembly graph for use with a multiple-product demand- 
driven disassembly system with multiple common parts. Kongar and 
Gupta (2002b) propose a single-period integer goal-programming 
model for a DTO system to determine the best combination of multiple 
products to selectively disassemble in order to meet the demand for 
items and materials under a variety of physical, financial, and environ- 
mental constraints and goals. Kongar and Gupta (2006a) extend their 
previous work by using fuzzy goal programming to model the fuzzy 
aspiration levels of various disassembly-related goals. Langella (2007) 
develops a multiperiod heuristic that considers holding costs and exter- 
nal procurement of items. Gupta et al. (2009) use neural networks to 
solve the DTO problem. Kongar and Gupta (2009b) propose a linear- 
physical-programming-based solution methodology which can satisfy 
tangible or intangible financial-, environmental-, and performance- 
related measures of DTO systems then address the DTO problem using 
tabu search (Kongar and Gupta, 2009a). 

The studies in the second line of research take into consideration 
the uncertainty related to disassembly yield. Inderfurth and Langella 
(2006) develop two heuristic procedures (i.e., one-to-one, one-to- 
many) to investigate the effect of stochastic yields on the DTO system. 
Imtanavanich and Gupta (2006) use these heuristic procedures to 
address the stochastic elements of the DTO system and then they use 
a goal-programming procedure to determine the number of returned 
products that satisfy various goals. 

In this chapter, two single-period DTO models (first considering 
deterministic and then stochastic yields) are reviewed (both are by 
Inderfurth and Langella, 2008). The multiple end-of-life products used 
in these models all have reusable parts in common and all undergo 
complete disassembly. Both models allow for partial disassembly as 
well as for multiple time periods. 

26.3.1 Single Period, Disassembly to Order (Deterministic Yields) 

The single-period DTO system can be formulated as an integer pro- 
gramming model. Assumptions in the model include 

• Products are completely disassembled. 

• Demand for parts is deterministic. 
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• Part yields are deterministic. 

• Demand for parts is completely fulfilled (through a com- 
bination of disassembly and new-part acquisition, each 
having an associated new-part-acquisition or excess-part- 
disposal cost). 

• No lead times (for acquisition or for disassembly). 

• No limits on the number of end-of-life products available for 
disassembly. 

The objective function seeks to minimize the total costs. This 
expense is a function of the end-of-life product costs (acquisition, 
transportation, disassembly, part cleaning, inspection, sorting, etc.) 
CEP ? for product g of G products, new-part-acquisition cost CNP k for 
part A: of a total of na parts (where na accounts for all of parts in all of 
the multiple end-of-life products), and part disposal cost CPD /t . This 
is formulated as 

G na 

Minimize Z =]£CEP -XI +X(CNP i -X2 t + CPD Jfc -X3 jt ) (26.1) 

g=\ ' ' k=i 

Where the decision variable Xl ? is the amount of end-of-life product 
g to acquire for disassembly, X2 k is the amount of new part k to acquire 
in order to meet the overall demand, and X3, is the number of excess 

' k 

removed parts k that need to be disposed of. 

The objective function is subject to two constraints. The first con- 
straint ensures that the demand is satisfied through some combina- 
tion of disassembly, and (if necessary) through the acquisition of new 
parts. This is modeled as 

d k < X2, - X3, + X YP k ■ Xl g , Vfc (26.2) 

g=i 

where d k is the familiar demand of part k, and YP k is yield of part k 
from product g (the amount of part k obtained after disassembly of 
end-of-life product g). Also, Eq. (26.2) is slightly modified here from 
the original with the replacement of the equal sign with the less 
restrictive less-than-or-equal-to sign. 

The final constraint forces the decision variables to be nonnega- 
tive integers and is given by 

Xl^, X2 k , X3 k > and integer, Vg, k (26.3) 

Integer programming models are generally considered to be 
NP-complete (for the decision version and NP-hard for the optimiza- 
tion version) and this is the case here. Also, this DTO model is similar 
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to the NP-complete UNBOUNDED KNAPSACK PROBLEM. (While 
KNAPSACK asks for a selection of items from a group that will max- 
imize the total value while taking a minimum weight, the unbounded 
version places no upper bound on the number of copies of each item 
in the group.) The structure of integer programming models often 
results in their complexity being addressed using branch-and-bound 
algorithms or the cutting-plane method (or commercial-grade soft- 
ware, which often obtains its solution using these algorithms exclu- 
sively or in concert with other techniques). It should be noted that 
the UNBOUNDED KNAPSACK PROBLEM has been shown to be 
solvable in pseudopolynomial time using dynamic programming 
(Andonov et al., 2000). 

26.3.2 Single Period, Disassembly to Order 
(Stochastic Yields) 

The quality of the parts obtained through the disassembly of end- 
of-life products is unknown and can be expected to be variable. As 
a result, the quantity of parts obtained is also unknown and poten- 
tially variable. These complications require the exploration of mod- 
eling stochastic yields. While several approaches have been used for 
this purpose (see Yano and Lee, 1995), Inderfurth and Langella 
model yield-uncertainty using the stochastically proportional yield 
approach. In this method, the quantity of usable parts is obtained 
from the number of end-of-life products disassembled multiplied 
by a weight (using a random fraction). This is similar to the single- 
period DTO with deterministic yields but making use of stochastic 
yields. The process uses recourse models (as introduced by Dantzig, 
1955). Recourse models enable some degree of stochasticity when 
using linear programming. This is achieved by splitting decisions 
into two groups: proactive (made before the realization of the ran- 
dom variables) and reactive (or recourse; i.e., decisions made after). 
This is incorporated using scenarios (see Sen and Higle, 1999 for a 
detailed tutorial). 

In a linear programming model with stochastic constraint param- 
eters, the decision on the value for a decision variable (using typical 
linear programming notation) X in the objective function must be 
made before a realization of the constraint's random parameters of x 
are known (though their distribution is known). Using a recourse 
model allows these constraints to be violated, but at the cost of influ- 
encing the choice of X. As such, a second linear programming model 
then describes how each of these violations would be addressed. 
Recourse models have a second-stage value function and an expected 
value function and are formed into a deterministic equivalent. This 
deterministic equivalent is now a traditional linear programming 
model; however, it is extremely large. The number of scenarios | SC| 
(the cardinality of the set of scenarios SC), using the DTO problem as 
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an example, is the size of the set all possible outcomes for all random 
variables as calculated by 

G 

|SC| = w*" 1 (26.4) 

where w is the number of possible outcomes, and n represents the 
number of parts in end-of-life product g. Note that SC must obviously 
be a countable set. For example, consider two different end-of-life 
products, one consisting of two parts and one consisting of three parts 
(for a total of five parts, which may or may not be unique). If each part 
had two possible outcomes (yield of one or yield of zero; i.e., usable 
part or unusable part), Eq. (26.4) would give 2 5 or 32; with 10 parts, the 
number of scenarios jumps to 1024, and so on. This rapid growth ulti- 
mately limits the practicality of this method. 

Using a recourse formulation, a single-period DTO system with 
stochastic yields can be modeled as a mixed integer programming 
model. The process here proceeds as 

1 . Proactively determine the number of each end-of-life product 

to be disassembled XI . 

g 

2. Realize the random yields. 

3 . Reactively make the new-part-acquisition X2 sc and excess-part- 
disposal X3 ; sc decisions (reactively since these decision vari- 
ables depend on the yield rate realization). 

The objective function is similar to that in the deterministic ver- 
sion. It still seeks to minimize the total costs, but it now contains both 
proactive and reactive cost decision variables. The proactive decision 

variable remains as XI , while the recourse decision variables (i.e., the 

g v 

variables dependent on the particular scenario sc) are denoted by 
X2 and X3 . The objective function is formulated as 

g,SC g,SC > 

Minimize Z = 

G na |SC| 

X CEP ? ■ XI g + X X Pr(sc) -(CNP, sc ■ X2 k + CPD, • X3, sc ) (26.5) 

g=l fc=lsc=l 

where Pr(sc) is the probability of scenario sc occurring and 

|SC[ 

XPr(sc)=l (26.6) 

50=1 

When considered over all scenarios and all parts, this probability pro- 
vides the statistical expectation of the cost resulting from the recourse 
decisions. 
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The objective function is subject to three constraints, two of which 
are the nonnegativity constraints. As in the deterministic DTO model, 
the first constraint ensures that the demand is satisfied through some 
combination of disassembly, and (if necessary) through the acquisi- 
tion of new parts; however, now the constraint exists for each scenario 
and part, not just for each part. This links yield-rate realizations with 
their corresponding recourse decisions in order to satisfy the demand. 
This is modeled as 

G 

d,<X2, -X3, + Y,YP . -XI ,Vfc,sc (26.7) 

k k,sc /c,sc ^-w g,k,sc g v / 

where YP ? k sc is the yield of part k from product g in scenario sc. Equa- 
tion (26.7) is again slightly modified from Inderfurth and Langella's 
model with a less than or equal to sign. 

The final two constraints are the nonnegativity and integer con- 
straints 

Xl^ > and integer, Vg (26.8) 

and 

X2 Mc , X3, sc > 0, Vfc, sc (26.9) 

where the integer requirement falls only on the end-of-life product 
decision variable since the two part-decision variables now have a sto- 
chastic influence. With the scenarios possibly containing yield rates 
that are not necessarily integer, disposal and acquisition decisions will 
need to be treated as continuous in order to satisfy the integer-valued 
demand. If any results are applied on an actual DTO system, rounding 
needs to be used in order to implement the policy. 



4 Additional Disassembly-Inventory Studies 

Consideration of product return and remanufacturing options con- 
tributes two additional complexities to traditional inventory manage- 
ment approaches. First, uncertainty is added due to uncertainty in 
product returns. Second, there is a need for coordination between the 
remanufacturing supply chain and the traditional supply chain 
(Inderfurth and van der Laan, 2001). Researchers are continuing to 
develop various inventory models to deal with the complexities of 
demand and returns, while at the same time discovering and defin- 
ing other inventory management issues affected by disassembly 
including costs, valuation, lead time effects, and spare part invento- 
ries. Contemporary disassembly-inventory research can be consid- 
ered to encompass two types of inventory models: deterministic and 
stochastic. 
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In deterministic models, both stationary and dynamic demands 
are considered. Deterministic models are based on the assumption 
that demand and return quantities are known for entire planning 
horizon. They attempt to find an optimal balance between fixed setup 
costs and variable inventory holding costs. 

With stochastic models, stochastic processes are employed to 
model demand and returns. Continuous and periodic review policies 
are two common approaches used in stochastic models. Continuous 
review models operate using continuous time and seek to determine 
the optimal static control policies in order to minimize the long-run 
average costs per unit of time (Fleischmann et al., 1997). Heyman 
(1977) presents the first study in this area by considering a continu- 
ous review strategy for a single-item inventory system with remanu- 
facturing and disposal; an optimum disposal level is derived by 
assuming no fixed ordering costs and instantaneous outside procure- 
ment. Periodic review models search for optimal policies based on 
the minimization of expected costs over a finite planning horizon 
(Fleischmann et al., 1997). 



CHAPTER 



Disassembly-Line 
Just-in-Time 



27.1 Introduction 

While directly related to inventory theory, just-in-time is significant 
enough (and in the case of the disassembly application, complex 
enough) to warrant its own chapter. Section 27.2 presents an over- 
view of just-in-time then Sec. 27.3 provides an introduction to disas- 
sembly just-in-time research. Section 27.4 reviews the multikanban 
system designed for use with a disassembly line. 



27.2 Just-in-Time Background 

Originally motivated by high land costs in Japan, just-in-time (JIT) 
inventory theory is based primarily on the Toyota kanban (Japanese for 
"card" or "ticket") system of material flow and on the concept of sin- 
gle minute exchange of dies (SMED) (Nahmias, 2009). SMED is a 
foundational element of JIT and its typical small production lot sizes. 
Credited to Shigeo Shingo, the success of the SMED program at Toyota 
led directly to JIT. 

Die-changing operations are found on automobile and other 
manufacturing lines. In the original case of the Toyota car body 
stamping lines, die changing could take from 12 hours to almost 
3 days due to the labor intense and precise process of exchanging the 
multi-ton dies and aligning them within less than a millimeter. 
Process improvements reduced this to less than 10 minutes by moving 
as many die-changing steps as possible off-line while the line contin- 
ues to operate with the previous die (the Toyota case also required the 
integration of precision measuring devices for alignment). A compo- 
nent of lean production, die changes should take less than 10 minutes 
to be considered SMED. 

Part of the Toyota Production System, kanban is a manual infor- 
mation system for implementing JIT (JIT, lean, and kanban are all 
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closely related and exhibit a fair amount of overlap). Fundamental 
JIT concepts include 

• Work-in-progress (WIP) inventory reduction: The WIP 

inventory is indicative of how tightly a JIT system is tuned. 

• Pull system: Production at each stage is initiated only when 
requested. 

• Supplier involvement: Suppliers need to be agreeable to 
meeting deliveries as needed; close proximity can become an 
important consideration. 

• An increase in plant efficiency: Attributed to reductions in 
clutter, partially finished goods, rework, inspection, and so 
on, in addition to inventory savings. 

A complete JIT system consists of 

• Production centers: Workstations where production tasks are 
accomplished; these are sequential and ultimately result in a 
final product. 

• Holding area/store: Intermediate storage location for batches. 

• Batches: Groups of finished subassemblies. 

• Kanban physical tickets: Containing part numbers; the two 
types are production ordering kanbans and withdrawal kanbans. 

• Posts/canisters/containers: Holding place for kanbans; the 
three types are production ordering kanban posts, withdrawal 
kanban posts, and store containers/canisters. 

An essential component of the process is the Toyota kanban cal- 
culation as given by 

„ DL + W 

K = ^ (27.1) 

a 

where K is the number of kanbans, D is the expected demand per 
unit time (e.g., per day), L is the production lead time (equal to the 
production time plus the waiting time plus the movement time), W is 
the buffer stock (equal to zero ideally; often 10 percent of DL is used), 
and a is the container capacity (often less than or equal to 10 percent 
of D c ). The maximum inventory calculation is given by 

aK=DL+W (27.2) 

JIT is an alternative to other manufacturing environments includ- 
ing constant work in progress (CONWIP; system designed to force a 
desired level of WIP), reorder point, hierarchical production planning, 
and material requirements planning (MRP). Note also, that the existence 
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of buffers in the JIT process distinguishes it from the constant-speed 
flow shop as required by disassembly-line balancing. Other consider- 
ations with JIT include 

• A requirement for a constant production rate, which is not 
amenable to fluctuating demands. 

• Unlike MRP, information is not made available at all levels, 
only at adjacent levels. 

• Worker idle time in the case of a breakdown elsewhere on the 
line (often acceptable since it is claimed to be a Japanese phi- 
losophy that all workers are familiar with more than one por- 
tion of the production process). 

• Small batches invite 100 percent inspection, which is good for 
quality control and total quality management processes. 

• Process can result in increased worker idle time. 

• SMED may be impossible or impractical in some environments. 

• If set-up costs are high, JIT may cost more than maintaining 
inventory. 



27.3 Just-in-Time Research 

The applicability of the traditional kanban system to sudden or 
large variations in demand is very limited. As a result, researchers 
have developed various modified kanban methodologies to 
address demand variability while preserving the advantages of a 
traditional kanban system. Gupta and Al-Turki (1997) propose an 
algorithm for adjusting the number of kanbans in response to an 
unstable demand. Extending this research, Gupta et al. (1999) pre- 
sented a novel system called the flexible kanban system that adjusts 
the number of kanbans in response to variations in demand and 
lead times. Gupta and Al-Turki (1998a, 1998b) show that the flexi- 
ble kanban system is superior to a traditional kanban system when 
considering the interruptions caused by the preventive mainte- 
nance or breakdown of the material handling system. Tardif and 
Maaseidvaag (2001) suggest an adaptive kanban system that adjusts 
the number of kanbans using inventory and backorder levels. A 
reactive kanban system was presented by Takahashi and Nakamura 
(1999, 2000, 2002). The proposed system demonstrated adjusting 
of the number of kanbans and buffer sizes based upon detected 
changes in demand. Modification of a traditional kanban system 
considering the disassembly environment is another active 
research area. Kizilkaya and Gupta (2004, 2005a, 2005b) use dis- 
crete event simulation to test the performance of a novel pull-type 
disassembly-line control mechanism called dynamic kanban system 
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for disassembly line which is based on the flexible kanban system 
originally developed by Gupta and Al-Turki (1997) for the produc- 
tion environment. The system dynamically changes the number of 
kanbans with respect to the demand and the capacity of the sys- 
tem. Udomsawat et al. (2003a, 2003b) and Udomsawat and Gupta 
(2005a, 2005b) analyze the applicability of a multikanban system 
for the case of multiple precedence relationships and component- 
discriminating demands. The effect of server breakdowns on the 
performance of a disassembly system controlled by a multikanban 
system is discussed by Udomsawat and Gupta (2005c, 2006). Taka- 
hashi et al. (2004) propose a reactive just-in-time ordering system 
for multistage production systems with changes in the mean and 
variance of demands. Improvements in disassembly-line pull sys- 
tems, as provided through the use of embedded sensors present in 
end-of-life products, are considered by Ilgin and Gupta (in press a, 
in press b, in press c, in press d). 



27.4 Multikanban System for End -of- Life Products 

Implementing a kanban mechanism in a disassembly-line environ- 
ment adds inherent complications including: product arrival, 
demand arrival, inventory fluctuation, and production control 
mechanisms. Udomsawat and Gupta (2008) propose addressing 
such complications by implementing a multikanban system. A mod- 
ified inventory control mechanism, the multikanban system is 
designed in such a way that its implementation helps to reduce the 
inventory build up (which can be expected in a disassembly-line 
setting when a push system is implemented) in the system due to 
extensive supply and demand fluctuations. The multikanban sys- 
tem is able to ensure smooth operation of the disassembly line 
where multiple types of end-of-life products arrive for processing. 
This modified kanban system relies on the dynamic routing of 
kanbans, performed according to the state of the system. The effec- 
tiveness of this, or any kanban system, can be investigated using 
simulation. 

Udomsawat and Gupta (2008) allow end-of-life products to 
enter the disassembly line at any workstation, depending upon 
the type of product being disassembled on the mixed-model line 
and its make-up of parts (as a result of parts being added or deleted 
during the product's lifespan). Similarly, the demand is allowed to 
occur at any workstation. The arrival points, the configuration and 
structural state of end-of-life products, and the variety of demanded 
items are the primary factors that make a disassembly line difficult 
to manage. These factors also lead to substantial inventory fluc- 
tuations. 
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27.4.1 Arrival Pattern 

End-of-life products arriving at a disassembly line may consist of dif- 
ferent combinations of a given set of parts. In this situation, the total 
number of possible combinations of a set of n parts C(n) is given by 

C(n) = 2" - n - 1 (27.3) 

For example, a set of four parts j A, B, C, D} can produce up to 11 
possible product or subassembly combinations: A-B, A-B-C, A-B- 
C-D, A-B-D, A-C, A-C-D, A-D, B-C, B-C-D, B-D, and C-D. By adding 
one more part to the set, the number of possible combinations 
increases from 11 to 26; the number of combinations increases expo- 
nentially with the increase in the number of parts. Fortunately, in 
most practical applications not all combinations are feasible. In 
some end-of-life products, such as a personal computer, parts are 
modular, allowing for different parts that have the same footprint 
able to be fitted in the same location. It is not unusual for these prod- 
ucts to have been modified prior to disposal. Household appliances 
commonly arrive at a disassembly facility in fewer combinations 
because consumers rarely modify such products. Nevertheless, the 
workstation at which an end-of-life product enters the disassembly 
line is determined by the type of parts in the product and the combi- 
nation of these parts that make up the product. Consider a disassem- 
bly line with three workstations with workstation 1 designated to 
disassemble part A, workstation 2 for part B, and workstation 3 for 
parts C and D. In this example, a product consisting of parts B, C, and 
D arriving at the disassembly line does not have to go to workstation 
1 at all. This product can enter the disassembly line directly at work- 
station 2. Alternatively, an arriving product consisting of parts A, C, 
and D would have to enter workstation 1; however, after getting 
processed at workstation 1, it could skip workstation 2 entirely and 
go to workstation 3. Furthermore, end-of-life products with different 
precedence relationships must be processed through workstations in 
different sequences. These situations destabilize the disassembly line 
by causing an excess of materials at some workstations and a lack of 
materials at others, leading to undesirable fluctuations of inventory 
in the system. It is, therefore, crucial to manage the materials flow of 
the line. 

27.4.2 Demand Fluctuation and Inventory Management 

Although a disassembly line has many unique characteristics, in this 
chapter's line model the multilevel arrival of demand is the primary 
characteristic that makes the disassembly line much more compli- 
cated than a typical assembly line since demand can occur at any 
station on the line (in most assembly lines, demand arrives only at the 
last workstation). This arrival of external demand at workstations 
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other than the last workstation creates a disparity between the num- 
ber of demanded parts and the number of partially disassembled 
products. Thus, if the system responds to every request for parts, it 
would end up with a significant amount of extra inventory of parts 
that are in low demand. Because it is desired that the service level be 
maximized, it is essential to develop a sound methodology to control 
the system and manage the extra inventory produced. 

27.4.3 Disassembly-Line Multikanban Model Overview 

The multikanban model for the disassembly line promises three 
advantages. First, this model implements the pull concept; it car- 
ries minimal inventory and permits initiation of disassembly only 
when there is an actual demand for parts or materials. As a result, 
the facility does not have to carry large inventories (saving on 
both inventory-carrying costs and the cost of disassembling 
unwanted parts). Second, the multikanban pull system holds 
promise for assisting in tracking inventory. Third, the multikan- 
ban mechanism relies on routing rules that direct kanbans to the 
workstations that supply the most needed parts or subassemblies. 
In this way, customer satisfaction is retained while the kanban 
routing takes care of fluctuations in the demand for various parts. 
Design considerations in the multikanban model include material 
types, kanban types, kanban routing mechanisms, product selec- 
tion, and kanban level. 

27.4.4 Material Types 

Two basic material types are considered in the disassembly-line 
multikanban system, parts, and subassemblies. In the multikanban 
system, a part is considered to be a single item that cannot be further 
disassembled. Parts are placed in the part buffer and await retrieval 
via customer demand. In contrast, a subassembly can be further 
disassembled and is composed of at least two parts. Both types of 
materials can be further distinguished as regular or overflow items. 
Regular items are items that are demanded by customers or down- 
stream workstations. In order to fulfill this demand, a server must 
disassemble the demanded part or subassembly. The remaining item 
from this disassembly process that does not fulfill any request is 
referred to as an overflow item. Because the disassembly process is 
initiated by a single kanban, the overflow item will not have a kan- 
ban attached to it. However, the overflow item is routed in the same 
way as the regular item. The only difference between these two 
items is that the overflow item is given the priority of being retrieved 
after it arrives at its buffer. It should be noted that as long as there is 
an overflow item in the buffer, its demand will not initiate any fur- 
ther disassembly. This helps the system to eliminate extra inventory 
that is caused by any unbalanced demand. 
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27.4.5 Kanban Types 

Corresponding to material types, there are two basic types of kan- 
bans in the system, part kanbans and subassembly kanbans. A part 
kanban is attached to a disassembled part that is placed in the part 
buffer of the workstation where it was disassembled. Similarly, a 
subassembly kanban is attached to a subassembly that is placed in the 
subassembly buffer of the workstation where one of its parts was 
removed. A part placed in a part buffer can be retrieved via an 
external demand. When authorized, a subassembly placed in the 
subassembly buffer is routed for disassembly to the next workstation 
based on its disassembly precedence constraints. 

At the first workstation, products arrive only from outside 
sources; at any other workstation x (where 1 < x < n - 1; therefore, 
for a product with n parts the multikanban system uses n - 1 work- 
stations), there are two possible types of arrivals. The first type is a 
subassembly that arrives from an earlier workstation and is referred 
to as an internal subassembly . There is always a subassembly kanban 
attached to an internal subassembly. The second type is a product 
(or subassembly) that arrives from outside sources and is referred 
to as an external subassembly . No kanban is attached to an external 
subassembly. This aspect is also true for products arriving from 
external sources to the first workstation. As long as there is an 
external product or subassembly available at an input buffer, the 
system will process it first before processing any available internal 
subassembly. This avoids unnecessary pulling of an internal subas- 
sembly from an upstream workstation. Thus, the number of kan- 
bans attached to the internal subassemblies will remain constant 
throughout the process. 

27.4.6 Kanban-Routing Mechanism 

Given a product with n parts, consider a workstation y where 1 < y < 
n - 1. When a demand for part y arrives at the part buffer of worksta- 
tion y, one unit of part y is retrieved and the part kanban y attached 
to it is routed to the most desirable workstation. The procedure for 
determining the most desirable workstation to route part kanban y is 
as follows (this procedure is not applicable to part kanbans n - 1 and 
n; in both cases these kanbans are routed to the input buffer of the 
final workstation). 

A part kanban originating from workstation y will be routed to a 
workstation x (where 1 < x < y) or workstation y depending on the 
availability and the desirability of the subassembly that contains part y. 
Routing part kanban y to workstation x where 1 < x < (y - 1), will result 
in an immediate separation of part y from part x. Thus, the only sub- 
assembly located at the input buffer of workstation x that would be 
useful is a subassembly that contains only parts x and y. If this type 
of subassembly exists in the input buffer of workstation x, then 
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workstation x is qualified. Similarly, if there is at least one subassembly 
in the input buffer of workstation y, then workstation y is qualified. 

Next, a selection of the most desirable workstation to route part 
kanban y (from among the qualified workstations such that, if cho- 
sen, it will cause the least amount of extra inventory in the system) 
needs to be made. Choosing workstation x will increase the inventory 
level of part x by an additional unit. Thus, the best workstation x is 
the one that has the greatest need for this part. This workstation can 
be determined by checking the backorder levels for demand x; in the 
case of a tie the most downstream workstation is chosen. Choosing 
workstation y creates an extra subassembly that will be further disas- 
sembled at downstream workstations. If workstation y is selected, 
then an appropriate subassembly to disassemble must also be 
selected. For example, if a backorder exists at the part buffer of work- 
station z (where y < z < n - 1), then one option would be to disas- 
semble a subassembly that contains only parts x and z. If more than 
one workstation qualifies as having low inventory, then the one with 
the greatest need is selected. In the case of a tie, the most downstream 
workstation is selected. 

Finally, a comparison is made between the inventory needs of 
workstations x and y. If the need of workstation x is greater than or 
equal to that of workstation y, then part kanban y will be routed to 
workstation x; otherwise it will be routed to workstation y. Note that 
whenever an external subassembly is available, it is always chosen 
first. Internal subassemblies are only to be used when no external 
subassembly of the desired kind are available. Subassembly kanbans 
are routed in a fashion similar to part kanbans. 

27.4.7 Selection of Products 

Since multiple combinations of products are permitted, the worker 
may have several options when selecting a product for disassembly. 
If the authorization for disassembly is initiated by the subassembly 
kanban y . which can occur only at workstation x (where 1 < x < y), the 
workers will have no option but to select the subassembly that results 
in immediate separation of subassembly y . namely subassembly x-y a . 
(i.e., the subassembly consisting of part x and subassembly y o ). If 
instead of the subassembly kanban, the authorization of disassembly 
is initiated by part kanban y at workstation x (where 1 < x < y), the 
worker will have no option but to remove subassembly x-y from the 
product buffer because the only subassembly that results in immedi- 
ate separation of part y is the subassembly x-y. However, if the part 
kanban y arrives at workstation y, there are multiple options because 
every subassembly located in the product buffer contains part y and 
always results in the immediate separation of part y. In this case, it 
needs to be determined whether or not the part or subassembly that 
is created by the disassembly will result in an excess of inventory. 
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Subassembly y is then chosen such that z has the most desirable 
part/subassembly ranking based on either the request of subassem- 
bly kanban z at workstation y (existing kanban z at the workstation y) 
or on the current inventory level of subassembly (or part) z. 

27.4.8 Determining Kanban Level 

The kanban level plays an important role in the multikanban mecha- 
nism, as it maintains a proper flow of parts and subassemblies at a 
desired level throughout the system. The kanban level can be deter- 
mined by considering product arrival rates, part- and subassembly- 
demand arrival rates, and part removal rates (using disassembly 
times). The number of part kanbans NPK for part x or the number of 
subassembly kanbans NSK for subassembly x can be computed at 
any point on the disassembly line using 



NPK . = max 



1, 



RRP, A 



and 



NSK = max 



( RRS ^ 
,'FRS*, 



(27.4) 



(27.5) 



where RRP is the request rate of part x, FRP the furnish rate of part x, 
RRS the request rate of subassembly x, FRS the furnish rate of sub- 
assembly x, and the max function returns the larger of the two 
values in parenthesis. These request rates and furnish rates can be 
calculated as 

RRP r = DRP t for 1 < x < n (27.6) 

where DRP is the demand rate of part x and n is the maximum num- 
ber of parts (n - 1 is the maximum number of workstations); 

FRP r = X LRP x, z for 1 < x < n (27.7) 

z=l 

where LRP T is the removal rate of part x at workstation z; 

RRS z = LRS (27.8) 

where LRS i is the removal rate of subassembly y (and y is the next 
part to be removed in the disassembly sequence); and finally 

FRS x = ARS t + £LRP (27.9) 



Further Disassembly-Line Considerations 

where y is the part most recently removed, ARS is the arrival rate of 
subassembly x (which is coming from external sources), and / is the 
identification of the current workstation. 

In the case of a part kanban, which is requested only from a single 
source, the request rate is equal to the customer demand arrival rate; 
however, because the part kanban arrives from several sources in the 
system, the furnish rate is the summation of the arrival rates from all 
possible sources. In the case of the subassembly kanban, the furnish rate 
is influenced by both the time required for disassembly and by the sub- 
assembly arrival rate from external sources. Thus, all external and inter- 
nal arrival rates of subassemblies at the buffer are taken into account. 
Similarly, the two requesting sources — the demand for the target part 
and the demand for a residual subassembly — affect the request rate. 

The numbers of kanbans are determined at the beginning of the 
disassembly process. It is clear that demand, supply, disassembly 
time, and product structure affect the computation of the number of 
kanbans. 

27.4.9 Simulation Results 

Simulation experiments conducted in comparison with a traditional 
push system (all arriving products processed continuously in the 
order of their arrival) demonstrate the multikanban mechanism's abil- 
ity to significantly reduce the average inventory while maintaining 
the parts' demand-fulfillment rates (Udomsawat and Gupta, 2008). 
Neither system offers a significant difference in service level over the 
same time period. For each part, the multikanban system does not 
sacrifice the level of service in exchange for customer demand; instead 
the system seeks to service the customer demand by taking the num- 
ber of waiting customer demands into consideration prior to routing 
the kanban to the selected workstation. Adhering to the product selec- 
tion rules, only the product that is the best choice for disassembly is 
selected. Disassembly is prioritized only to where and when there is a 
need. In the push environment, the system builds up inventory in 
order to fulfill the demand of customers. This large amount of inventory 
effectively addresses any fluctuation in demand; however, this large 
amount of inventory results in higher carrying costs and a higher cost of 
operation. These drawbacks become severe when disassembling prod- 
ucts that contain parts that are low in demand, have short shelf lives, or 
incur high costs of disassembly. The multikanban mechanism addresses 
fluctuations in demand by routing the kanbans to the most suitable 
workstation. Studies indicate that the multikanban system is able to 
reduce the inventory level by an average of 33 percent, while keeping 
the demand of customers at levels comparable to a push system 
(Udomsawat and Gupta, 2008). 

A customer is considered to be waiting if there is no part stored in 
the outbound buffer where it arrives. In the multikanban system, the 
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average waiting time as indicated by simulation is noticeably lower 
than that in the push system. This is a result of the effective routing 
rules that tend to favor higherdemand parts. Also, the multikanban 
system responds to backorders faster than the push system does. This 
is because a free kanban is routed to the workstation where disassem- 
bly of a subassembly or the end-of-life product provides both the tar- 
get part and the remaining parts that are required the most. 

Despite serious complications in a disassembly-line environment, 
the Toyota Production System can be adapted to perform effectively. 
The multikanban mechanism enables the disassembly line to meet 
the demands of customers while stabilizing fluctuations in inventory 
through the use of real-time routing adjustments of kanbans rather 
than the traditional technique of adjusting the number of kanbans. 
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CHAPTER 



Disassembly-Line 
Revenue 



28.1 Introduction 

Disassembly has been shown to have the potential for being a 
component of a profit center. Disassembly-line revenue has been 
considered by a variety of researchers, with one of these appli- 
cations featured in this chapter. Section 28.2 provides a back- 
ground in the concept of a profit-oriented disassembly line while 
Sec. 28.3 reviews a mixed integer programming model of this 
type of line. 



28.2 Disassembly-Line Revenue Background 

The potential for profit in end-of-lif e processing can be a significant — or 
in some cases, the only — disassembly motivator for some orga- 
nizations. It then becomes important to understand what level of 
disassembly should be performed, for what products, and to what 
end: remanufacturing, refurbishing, or recycling. These three sus- 
tainable end states are referred by Pearce (2009) as product recon- 
struction. Remanufacturing is listed by Pearce as the process of 
completely disassembling a used product, repairing or replacing 
worn and obsolete components, and potentially adding upgrades 
to correspond with products currently on the market. Refurbishing 
is described as the process where a product is reconditioned; bring- 
ing it back to its original configuration and condition (a typical 
example of this type of product would be laser printer car- 
tridges). Finally, recycling is given as being the process by which a 
product is disassembled down to some combination of parts (to be 
used in other products) and/or materials (such as aluminum, 
glass, paper, etc.). Claiming that production reconstruction can 
offer attractive consumer prices (50 to 75 percent lower than those 
of new products), high-quality goods, and higher profit margins 
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(20 percent versus 3 to 8 percent for new products), Pearce's research 
provides a management-oriented quantitative- and case-based 
study to determine where remanufacturing, refurbishing, or recy- 
cling makes the most sense. Six types of customers are identified 
as being appropriate for profitable product reconstruction: 

1. Customers who need to retain a specific product due to its 
technically defined role in their current process (e.g., manu- 
facturing equipment on a line with a defined speed, form, 
footprint, power, and material inputs and outputs). 

2. Customers who wish to avoid any corporate, regulatory, or 
guideline- or process-oriented requirement to specify, approve, 
or certify a completely new product. 

3. Customers with low utilization of new equipment (i.e., a 
refurbished or remanufactured product may be financially 
feasible where a new item is not). 

4. Customers who wish to continue using a product that has 
been discontinued by the original manufacturer. 

5. Customers who wish to extend the service life of used prod- 
ucts, whether or not they have been discontinued. 

6. Customers who are interested in environmentally friendly 
products. 



28.3 Disassembly-Line Revenue Modeling 

Part removal sequencing is modeled by Altekin et al. (2008) for opti- 
mizing disassembly-line profit. This study provides an example of a 
mixed integer programming model of the disassembly line, as well 
as consideration of incomplete disassembly, and a demonstration of 
a differentiation between tasks (work to be performed) and parts 
(individual, tangible components). (Where k was used to represent 
any of the n parts/tasks in Part II, kt is used to represent any of the 
nt tasks and kp to represent any of the np parts in Part III.) This 
revenue model is also used here to demonstrate treatment of artifi- 
cial tasks (which have part removal times and costs of zero, and 
which do not remove any parts) when the graphical model from 
Chap. 5 is used. 

The objective function seeks to maximize the revenue earned 
(as calculated by the product of the revenue per unit demanded PJiV kp 
and the number of those parts that are removed q k ), which is reduced by 
the cost of removing all released parts (the product of the cost of each 
disassembly task undertaken C kt and the binary variable x kt which is 
equal to one if task kt is assigned to workstation ;') and the fixed costs 
associated with the workstations (the product of the cost per unit time of 
keeping one station open S, and the total of all open workstations 



Disassembly-Line Revenue 



according to the decision variable u. as defined by Eqs. (28.3) through 
(28.5) and multiplied by the cycle time CT). This is modeled as 

np T AL nt nt 

Maximize Z = £ REV kp • ^ - £ £C kt ■ X kt . -S£j- u. (28.1) 

kp=l kt=lf=l ;=1 



where 



v _ J 1/ if task kt is assigned to workstation/ 2) 
kt ' /_ I 00, otherwise 



with, per the Chap. 5 representation, T AL identifying the last of AL 
artificial tasks (and representing the total number of possible tasks; 
i.e., the sum of all nt tasks and all AL artificial tasks giving the set jl, 2, 
3, . . ., n, T v T 2 , T y . . ., T Al ] when a counter starts prior to TJ. The deci- 



sion variable u. is defined as 

; 



CT, if X T = 1 
u.=\ (28.3) 
1 I 0, otherwise 



(note that only one workstation, the one containing the final artificial 
task T AL , will have a nonzero value), 

"^ X r AL , ; I>RT k t>\// (28.4) 

kt=l 

and 



CT<£ H . (28.5) 

7=1 

Other constraints include the requirement that the station times 
must remain within the cycle time CT as given by 

£pRT kt -X kt; <CT,V/ (28.6) 

kt=l 

and the cycle time CT must be less than or equal to its upper bound 
CT (which would need to be provided by the decision maker) per 

upper v 1 J 1 r 

CT < CT (28.7) 

upper v ' 

Since a product may contain multiple copies of the same part, the 
number of units of a positive-revenue-generating part (where P + rep- 
resents the set of parts having a positive revenue) is determined as 
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the minimum of its demand d kp and the total count of each part 
removed by a given task nr ktk as seen in Eq. (28.8) where 



and in Eq. (28.9) where 



^^II^-X^VkpeF- (28.9) 

kt=l ;=1 

The removed parts are further accounted for using 

T AL nt 

^XX^-X^VkpeP- (28.10) 

kt=l j=l 

where P~ represents the set of parts having negative revenue. 

Allowing each task to be assigned to at most one workstation 
gives 

fX M <l,Vkt (28.11) 

7=1 

which may be changed to an equality for tasks that must be performed. 

Allowing each task to be assigned to at most one workstation 
gives 

fX, ; .<l,Vkt (28.12) 

7=1 

AND and OR precedence relations, and OR successor relations 
are constrained by 

Xkt^iX , y ,Vkt,/,xe AP kt (28.13) 

y=l 

K ti <i 1 X I<y ,Vy,kt (28.14) 

y=lx e OP k[ 

1 I X^fx^Vkt (28.15) 

7=1 ^OS kt j=l 

and 

I X.^tx^kt (28.16) 

xs OS kt y=l 

with the sets of AND predecessors, OR predecessors, and OR succes- 
sors of task kt listed as AP k[ , OP kt , and OS kt , respectively. 
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It is desired that no task be assigned to any workstations that 
comes after the last artificial task T AL (this also determines the final 
NWS count), so 

iz-x^i/.x^vkt ( 28 - 17 ) 

There is also a need for artificial tasks to only be assigned to worksta- 
tions that contain tasks that are not artificial tasks (otherwise, no real 
workstation is required or desired to be accounted for) which is con- 
strained by 

X kt ,^XPRT kt -X kt ,,V;,ktE {T V T 2 ,T 3 ,...,T AL }} (28.18) 

kt=l 

Finally, binary and non-negativity considerations give 

CT, M/ , V >0,V/,k P (28.19) 

and 

X kt . e (0, 1}, Vkt, j (28.20) 

Mixed integer programming models are usually seen to be 
NP-complete (for the decision version and NP-hard for the opti- 
mization version) and this would be expected to be the case here. 
The structure of the mixed integer programming disassembly-line 
revenue model can be addressed either with commercial math- 
programming software or problem-specific heuristics, both of 
which are used by Altekin et al. (2008). 



28.4 Additional Disassembly-Line Revenue Studies 

Arola et al. (1999) provide an economic case study of recovering 
plastic streams from demanufactured consumer electronics and con- 
tribute a wide variety of cost and other quantitative revenue-related 
data. 

Goksoy (2010) considers a disassembly line with a fixed num- 
ber of workstations and a limited supply of differing products to be 
disassembled. The demonstrated objective is to maximize the total 
value of the recovered parts. The study includes the determination 
of several upper bounds and one lower bound. 

Willems et al. (2004) provide two case studies (a washing machine 
and an electric kitchen pot) and a linear programming model to deter- 
mine the economic feasibility of different levels of demanufacturing 
different products. These levels range from complete disassembly and 
reuse, to no disassembly followed by shredding and recycling. 
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CHAPTER 



Unbalanced 
Disassembly Lines 



29.1 Introduction 

While Part II dealt with balancing the disassembly line, in this 
chapter the concept of an unbalanced disassembly line is reviewed. 
Unbalancing may be unintentional or intentional (in the case of sto- 
chastic part removal times and just-in-time-style buffers between 
workstations). This chapter presents an overview of unbalanced 
lines, a necessary queueing theory introduction, and consideration 
of the benchmark data set from Part II, and is organized as follows: 
Section 29.2 provides a background of the concept of an unbal- 
anced line while Sec. 29.3 further details stochastic line model- 
ing. Section 29.4 reviews the field of queueing theory which is a 
core concept in understanding intentionally unbalanced lines. 
Section 29.5 reviews the Chap. 10 benchmark data set for use in 
quantifying the level of unbalance on intentionally or unintention- 
ally unbalanced lines. 



29.2 Background 

Disassembly lines are inherently multicriteria, with its balance having 
the possibility of being one of the lower priorities. This is due to other 
criteria — for example, removing valuable or hazardous materials 
early on in the process — possibly being of more importance than 
obtaining an optimal balance. In addition, complete disassembly may 
not be desired, required, or even possible, resulting in only partial 
disassembly being conducted. The result may be a disassembly 
sequence that readily satisfies a decision-maker's primary require- 
ments, but at the expense of an unbalanced line. However, obtaining 
the decision-maker's primary requirements may not sufficiently jus- 
tify exceptionally poor balance. Alternatively, the difference between 
a balanced disassembly line and one that is unbalanced — but at the 
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expense of other desirable criteria — may turn out to be so insignificant 
that a focus purely on balance may obfuscate the benefits of consider- 
ing other criteria. Therefore, metrics and benchmark data are needed 
to quantitatively evaluate the merits of all considered criteria, includ- 
ing the level of balance — or unbalance (McGovern and Gupta, in 
press). The multicriteria benchmark data set and associated metrics 
developed in Part II can be used in quantitatively evaluating an 
unbalanced paced disassembly line. 



29.3 Stochastic Line Modeling and Unbalanced Lines 

Unbalancing an unpaced production line has been shown to poten- 
tially increase production rates when task times are stochastic and 
appropriate buffers are provided between workstations (Hillier and 
Boling, 1966, 1979). Unbalancing can also be an unintended conse- 
quence of disassembly lines, even when considering a paced line and 
deterministic task times. 

Unbalancing a production line was first proposed by Hillier and 
Boling (1966) in recognition of studies conducted that modeled flow 
shops using queueing theory. Modeling was accomplished using 
independent queues in series, with an infinite queue before the first 
server and a finite buffer of capacity B for all others. Each workstation 
was modeled individually as an M/EJ1 /B+l queue (M/E„/ 1 for the 
first workstation, where M represents arrivals according to a Poisson 
distribution and E K represents service according to an Erlang distri- 
bution having shape parameter K) and having probabilistic arrival 
rates (in agreement with the nature of an unpaced line; i.e., a flow 
shop with buffers) and probabilistic service rates (conceptually equiv- 
alent to probabilistic task times). It was found not only that balancing 
the line was detrimental to its production rate, but that unbalancing 
should be performed in such a way that the largest amounts of work 
should be allocated at the end workstations and the least amounts 
allocated to the ones in the middle (Hillier and Boling, 1966, 1979; 
Stecke and Solberg, 1985). 



29.4 Queueing Theory Background 

Queueing theory provides descriptive (i.e., describes a situation to 
allow for analysis but does not provide a solution) rather than 
prescriptive solution (i.e., prescribes a solution; e.g., linear program- 
ming) models. A queueing (i.e., waiting line) theory model consists of 
a calling population and the queuing system itself (see Fig. 29.1). 

The calling population characteristics include its size (finite or infi- 
nite) and generation pattern (or arrival rate; generally interarrival 
rates are assumed to be exponential, i.e., following a Poisson distribu- 
tion). The queueing system is the portion of the model that deals with 
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Queueing System 




Figure 29.1 The basic queueing process. 



the queue and the service facility. The queue can be finite or infinite; 
the service discipline may be first in first out, last in first out, or ran- 
dom; the service facility is defined by the number of servers, their 
arrangement (series or parallel), and the service pattern (generally 
assumed to be exponential); exits from the system occur due to com- 
pletion of service, balking, or reneging (leaving the system after join- 
ing). Model assumptions include (except for some specific variations): 
only one event can occur at a time, arrivals occur randomly and inde- 
pendently of other arrivals and according to a Poisson distribution, 
service times vary according to an exponential distribution, and that 
the system is past its transient period and has entered steady-state 
operation (i.e., it is independent of its initial state). Where arrivals 
follow a Poisson distribution, the probability of x arrivals in a specific 
time period is given by 

Yr{x)= XX '^ 1 for 1 = 0,1, 2, ... (29.1) 

where A is the mean number of arrivals per time period and e is 
Euler's number (approximately 2.718). Where service rates are expo- 
nential, the probability that the service time will be less than or equal 
to a time of length t is given by 

Pr(servicerime<f) = l-e ^ ( 29 - 2 ) 

where the service rate jj. is the mean number of units that can be 
served per time period. 

Several parameters describe the system. The state of the system k 
is equivalent to the number of customers in the waiting line plus the 
service facility. Maximum number of customers in the system is n. 
The probability of being in state k (i.e., the probability of exactly k 
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customers in the system) is Pr.. The length of the queueing system is 
given by L (the expected number of customers in the queueing sys- 
tem), while the length of the queue itself is given by L . The expected 
time in the queueing system is represented by W (the expected waiting 
time in line is represented by W ). Little's formula gives L = AW, L = 
A W , and W = W + 1 / jj., where 1 1 [I is the average amount of time a 
customer spends in a service facility. 

Kendall notation is used to depict a chosen model's characteris- 
tics. In the first portion of the six-tuple A/B/C : D/E/F, A describes 
the arrival pattern (Markovian M, general G, degenerate D, Erlang E„, 
etc.), B describes the service pattern (M, G, D, or E K ), and C describes 
the number of servers s in parallel. In the second portion, D describes 
the service discipline (first come first served FCFS, last come last 
served LCLS, rotation, random SIRO, priority PRI, or any other GD), 
E describes the storage capacity (the maximum number of customers 
allowed in the system: limited or unlimited), and F describes the call- 
ing population (finite or infinite). (Note that the default for the second 
portion is FCFS/°°/°°; if this describes the model, it is often not 
included in its Kendall notation; also, it is not uncommon to see the 
D/E/F portion of the six-tuple given in the order E/F/D.) For example, 
M/M/l : FCFS/n/°° (oiM/Mfi/ri) is the Kendall notation for a single 
server, finite waiting line queueing system with Poisson arrivals and 
exponential service. 

When queueing models are based on the birth-and-death process 
(in the context of queueing theory the term birth refers to an input or 
arrival and the term death refers to a departure or a completed ser- 
vice), the system can be represented by a rate diagram. Set up as a 
Markov chain, a rate diagram is a conceptual model that describes 
the possible states of the model and the transitions from one state to 
another. The "rate in = rate out" principle can then be used to gener- 
ate balance equations. Finally, since there are n + 2 equations (given by 
the balance equations) and n + 1 unknowns (given by the possible 
states of the rate diagram) the balance equations can be solved (where 
n is set to infinity, inferences can be made about the progression of the 
equations and their eventual convergence). These solutions, along 
with Little's formula, are then used to provide closed formulations of 
all parameters of interest. Additional background and further details 
are provided by Hillier and Lieberman (2005). 

As an example, M/M/l models are commonly used to model 
many capacities such as those of airports. A prototypical airport exam- 
ple by Hillier and Lieberman (2005) considers the entire queueing sys- 
tem to include holding aircraft (the holding pattern is the queue), 
approaching aircraft as arriving customers which are cleared one at a 
time on the approach (i.e., only one aircraft is on approach, landing, 
then taxiing clear at any time — once that aircraft is clear of the runway, 
a holding aircraft can commence its approach), the runway as the 
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server, a given arrival rate, and a service rate related to the time 
required for the aircraft to clear the runway. The goal of the example is 
to determine the average number of aircraft holding and average time 
in holding, with further study related to the effects of increasing the 
arrival rate and increasing the number of runways (i.e., M/M/2, and 
M/M/3). Alternatively, a nonexponential distribution could be used 
as an extension to the example by Hillier and Lieberman; for example, 
an M/GA-based model (specifically an M/D/l model) in order to 
enable mimicking the separation provided by the air traffic controller. 
Once an aircraft has traveled a distance equivalent to the allowable 
separation interval (and well before reaching the runway, landing, 
and taxiing clear), the next aircraft is allowed out of the queue and into 
the service area (the approach). While both models consider that only 
landings are taking place on a given runway (i.e., no interfering take 
offs) and the queue is the holding pattern, the M/G/l model considers 
the service mechanism to be degenerate (i.e., deterministic) and allows 
for multiple aircraft on approach (since an aircraft is considered 
serviced and leaves the queueing system once it is a safe distance 
ahead of the following aircraft). As long as the mean (recalling 
that |i represents the service rate in queueing theory) and the variance 
(f of the service-time distribution are known, the M/G/l queueing 
formulations provide closed-form solutions to all parameters of 
interest. The M/G/l queueing formulation used for this problem would 
consist of the following standard queuing theory equations: the prob- 
ability of being in state zero (e.g., no aircraft in the system) P is 

P Q = 1-p, p<l (29.3) 

where the traffic intensity (also known as the utilization factor) p is 
defined as 

p = A ( 29 .4) 

and s is the number of servers (e.g., set to one in the example here). 
Queue lengths and waiting times are given by 

L = L+p (29.5) 



q 11 

and 

L 



W = W+- (29.7) 



W=^ (29.8) 
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If it is of interest to consider differing arrival rates, the effective arrival 
rate A is then calculated using 

K=lK-P x (29-9) 

1=0 

Queueing theory provides a rigorous and accepted probabilistic 
methodology to measure the performance of waiting line systems 
and is often applied to manufacturing systems. Along with the sample 
queuing model given here, other queueing model formulations may 
be more applicable, as may be the case with deterministic models, 
other types of stochastic models, analysis of experimental data, or use 
of simulation software. 



29.5 Benchmark Data for Measuring Unbalance 

While designed for quantifying the level of balance, the A Priori data 
set of Chap. 10 is equally effective at providing a quantitative evalu- 
ation of the level of unbalance (along with other objectives); however, 
if the primary consideration is not the measure of balance, the results 
may not provide an adequate measure. In this case, the A Priori data 
set can be further modified to gather additional information, while 
still providing an optimal level of balance and optimal or near-optimal 
(but always known) values for the other metrics. For example, if the 
primary consideration was the evaluation of a heuristic's ability to 
remove hazardous parts as early (or as late) as possible, the parts des- 
ignated as hazardous would consist of the entire latter half of each 
group of parts having the same A Priori data set part removal time. 
Alternatively, if the primary objective was demand, each group of 
parts having the same A Priori data set part removal time would con- 
tain parts having increasingly larger demand values. Finally, if using 
direction as the primary criteria, parts could be initialized with alter- 
nating directions. With these designs, perfect balance could still be 
achieved while attaining optimal placement for any of the other crite- 
ria, but it should be noted that only one of these extensions should be 
selected at any time to simplify the calculation of optimal values for 
the remaining two criteria. 
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Appendix: Acronyms 

This section provides a list of the acronyms developed and 
referred to throughout this text. The full terminology for each 
acronym is provided. 



2-opt 


2-optimal 


3-opt 


3-optimal 


5M 


machinery, method, material, man, and measurement 


ACO 


ant colony optimization 


AEHC 


adjacent element hill climbing 


CAD 


computer-aided design 


CONWIP 


constant work in progress 


CPU 


central processing unit 


CR 


critical ratio 


DLBP 


DISASSEMBLY LINE BALANCING PROBLEM 


DTO 


disassembly to order 


ECMPRO 


environmentally conscious manufacturing and product 




recovery 


EDD 


earliest due date 


EOQ 


economic order quantity (also, the economic lot size 




model) 


EPA 


Environmental Protection Agency 


EU 


European Union 


FCFS 


first come first served 


FIFO 


first in first out 


FFD 


first fit decreasing 


GA 


genetic algorithm 


GHz 


gigahertz 


GP 


goal programming 
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H-K hunter-killer 

JIT just-in-time 

k-opt fc-optimal 

LP linear programming 

MCDM multicriteria decision making 

MRP material requirements planning 

NP nondeterministic polynomial 

P polynomial 

PC personal computer 

PPX precedence preservative crossover 

prec precedence constraints 

prmu permutation 

PvFP request for proposal 

SALB-I simple assembly-line-balancing problem type I 

SALB-II simple assembly-line-balancing problem type II 

SAT SATISFIABILITY 

SMED single minute exchange of dies 

SPT shortest processing time 

TARMAC Tarbes Advanced Recycling & Maintenance Aircraft 
AEROSAVE Company 

TSP TRAVELING SALESPERSON PROBLEM 

U.S. United States 

V&V verification and validation 

WEEE Proposal for a Directive on Waste Electrical and 
Electronic Equipment 

WIP work in progress 
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